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Zhilun Zhao 
 
In this dissertation, the emerging stimulated Raman scattering (SRS) microscopy in 
combination with various vibrational tags was extensively used to explore various aspects of 
biological systems. New techniques as well as new Raman active materials were also developed 
to facilitate the applications of SRS in biology.  
Chapter one introduces and comprehensively reviews vibrational tags that have been 
developed to date in combination with imaging techniques and their applications in biological 
sciences to investigate metabolism in living organisms. 
Chapter two studies lipotoxicity, a phenomenon that is well known but poorly 
understood. The study found phase separation can form on ER membrane in cells treated with 
long chain fatty acids due to the high transition temptation of their metabolites. It was also found 
that the phase separation severely disturbs normal distribution of ER membrane proteins because 
of hydrophobic mismatching. As the result, ER normal structure is disrupted, luminal space is 
collapsed, and interconnectivity of ER that ensures normal ER functions is lost. Additionally, ER 
 
 
stress sensor IRE1α was found to be activated directly by the formation of phase separation, 
which triggers apoptosis and ultimately leads to cell death. 
Chapter three describes the development of a new method termed as metabolic activity 
phenotyping (MAP) that acquires quantitative measurements of metabolic activities of individual 
cells, which is essential to understanding questions in diverse fields in biology. To achieve the 
goal, an automatic system was designed and built that improves the acquisition speed by more 
than 100 times compared to commercially available instruments. A set of vibrational probes with 
deuterium labeling was also carefully selected to enable accurate measurement of metabolic flux. 
Combining the merits of high throughput measurements and vibrational tags, MAP was applied 
to investigate the metabolic activity differences among various cancer cells, to study the 
heterogeneity of drug efficacy, and to facilitate breast cancer subtyping. 
Chapter four describes the development and application of a new class of Raman active 
nanoparticles, or Rdots. These Rdots were generated by non-covalently incorporating small 
molecule Raman probe into polymeric nanoparticles. The resulted Rdots are of compact size 
(~20 nm) and preserve all Raman spectral features of the small molecule probes used. Rdots 
were compared to other existing Raman active materials including SERS nanoparticles, and 
Rdots surpass all the other materials in terms of brightness. In addition, Rdots also possess 
narrow spectral linewidth (< 3 nm), making them ideal for multiplexed imaging. In the study, 
Rdots were used as immunostaining reporters to visualize cytoskeleton networks and surface 
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CHAPTER 1:  
INTRODUCTION TO VIBRATIONAL TAG AND THEIR 
APPLICATIONS IN BIOLOGICAL IMAGING BY RAMAN 
MICROSCOPY1 
 
As a superb tool to visualize and study the spatial-temporal distribution of chemicals, 
Raman microscopy has made big impacts on many disciplines of science. While the label-free 
imaging has been the prevailing strategy in Raman microscopy, recent development and 
applications of vibrational/Raman tags, particularly when combined with stimulated Raman 
Scattering (SRS) microscopy, have generated intense excitement in biomedical imaging. SRS 
imaging of vibrational tags has enabled researchers to study a wide range of small biomolecules 
with high specificity, sensitivity, and multiplex capability, at single live cell level, tissue level or 
even in vivo. As reviewed here, this platform has facilitated imaging distribution and dynamics 
of small molecules such as glucose, lipids, amino acids, nucleic acids, and drugs that are 
otherwise difficult to do with other means. As both the vibrational tags and Raman instrumental 
development progress rapidly and synergistically, I anticipate that the technique will shed light 
 
1 This chapter is adapted from: Zhao, Z., Shen, Y., Hu, F. & Min, W. Applications of vibrational tags in biological 




on an even broader spectrum of biomedical problems. 
1.1 Introduction to the vibrational tags 
Directly visualizing biological structures and activities at the cellular and sub-cellular 
level remains one of the most intuitive and powerful ways to study biological problems by far 
(2009). Ever since the first microscope was invented in the 17th century, which led to the 
discoveries of cells and laid the very foundation of the modern understanding of biology, the 
field of optical microscopy has been advancing rapidly. The emergence of new tools and 
techniques such as confocal microscopy, super-resolution microscopy, and nonlinear 
microscopy, etc. has made it possible for scientists to see and study biology in a noninvasive 
manner with a high spatial-temporal resolution, and thus has expanded our knowledge in life 
sciences. Among these methods, stimulated Raman scattering (SRS) microscopy, is a powerful 
tool that can generate image contrast of vibrational transitions of chemical bonds with high 
sensitivity, resolution, and speed(Cheng and Xie, 2015; Freudiger et al., 2008; Ploetz et al., 
2007). Unlike fluorescence microscopy, which generally requires the target to be labeled with a 
relatively bulky fluorophore, SRS microscopy requires no label or only minimal labels that better 
preserve the structure and function of the small molecules and are more resistant to 
photobleaching.  When compared to another Raman imaging technique, Coherent anti-Stokes 
Raman spectroscopy (CARS), SRS is also free from non-resonant background and has linear 
signal dependence on analyte concentration, which makes it well suited for quantitative studies 
that are of immense importance for answering biological questions (Zhang et al., 2014a; Zhang 
et al., 2014b). 
Label-free imaging has long been adopted for SRS microscopy and vibrational imaging 
in general, because it doesn’t require any exogenous labeling and reflects native cellular 
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metabolic states(Evans and Xie, 2008; Min et al., 2011; Wei et al., 2016). The very nature of 
label-free imaging techniques permits such applications to be performed in vivo. Chemical bonds 
such as O–P–O, C═O, C═C, S═O, O–H, C–H are frequently probed, especially C-H as it is 
highly enriched in lipids and proteins – the most abundant biomolecules in the cell – and thus 
gives the highest signal. More importantly, the rich spectral features that vary between different 
molecules make it possible for hyperspectral imaging of multiple chemical species that are 
always of great interest to biologists. In recent advances with label-free techniques, for example, 
metabolic heterogeneity of live Euglena gracilis has been studied (Wakisaka et al., 2016), 
providing insight to microalgal research; in other studies, neurotransmitter (Fu et al., 2016) and 
neuronal membrane potential (Lee et al., 2017) have been visualized, adding new tools to 
investigate neurobiology; and brain tumor infiltration diagnostics (Ji et al., 2015; Ji et al., 2013) 
has been successfully demonstrated in mouse brain and human patient samples, and an 
intraoperative set-up using fiber laser was then engineered (Orringer et al., 2017) to assist 
surgery. However, although label-free vibrational imaging has been demonstrated a useful tool in 
biological studies, the detection specificity is usually limited – any molecules that harbor the 
same chemical bond of the target will have a severely overlapping spectrum and make it 
extremely hard to image a specific molecule of interest. 
For the above reason, Raman/vibrational tags have been developed to circumvent the 
endogenous cellular background and enable specific detection of the chemical species of interest. 
This is achieved by introducing chemical bonds that vibrate in the cell-silent Raman window 
(1800 – 2600 cm-1), in which no endogenous molecules vibrate. There are several benefits 
associated with using vibrational tags. Stable isotope substitution (such as 2H and 13C) has been 
long exploited in NMR, mass spectroscopy, and Raman spectroscopy. The substituted molecules 
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are almost chemically identical to the unsubstituted, and thus have good metabolic labeling 
efficiency. Another alternative is to label molecules of interest with tiny vibrational tags such as 
nitrile and alkyne. These tags also have unique vibrational frequencies in the cell silent window, 
and have much larger Raman scattering cross sections to generate strong signals, which is 
another major advantage of using vibrational tags. Generally, two labeling strategies are 
associated with these labeled molecules: steady-state or pulse-chase labeling. For the steady-state 
strategy, labeled molecules are added long enough until the incorporation approaches steady-
state, and information such as spatial distribution and incorporation rate can be obtained; while 
for the pulse-chase labeling strategy, labeled molecules are added for a certain amount of time 
and then removed, and the decay of the tags can be traced to provide additional turnover kinetics. 
By these methods complex dynamic information could be obtained which is hard to extract from 
the label-free approach. Furthermore, the introduced vibrational tags can be manipulated in terms 
of vibrational frequencies, which makes multi-color imaging feasible. There are advantages and 
disadvantages associated with stable isotope substitution and tiny vibrational tags. Isotope 
substitutions are chemically identical to the original forms, and the kinetic isotope effect is 
usually negligible for the duration of typical experiments. Thus, the incorporation to their 
metabolites is the same as the original forms. But the Raman cross sections of these tags are 
small, and the signal from these tags is weak. For the above reasons, isotope substitution is ideal 
for imaging small but abundant biomolecules that are easily perturbed by structural alteration. 
Other vibrational tags such as alkyne on the other hand usually have much larger Raman cross 
sections, and yield a large signal at low concentration. Yet the alkyne moiety introduces 
structural alternation to the molecules and could potentially alter the chemical activity (Hu et al., 




In this section, I’ll review recent applications of Raman imaging with vibrational tags, 
with an emphasis on SRS, on life sciences such as cellular metabolism of nucleic acid, protein, 
lipid, glucose, small molecule imaging such as drug, and organelle imaging, as well as brain and 
tumor metabolism. I hope I can convey the potential of SRS imaging of vibrational tags on 
biological studies especially the ones focusing on cellular metabolism and small molecule 
imaging.  
1.2 Vibrational tags for nucleic acid metabolism 
In this section, I will review the application of vibrational tags to interrogate nucleic acid 
metabolism. Conventionally nucleic acids can be visualized by helix-intercalating dyes such as 
DAPI or Hoechst or hybridization-based techniques. However, metabolic imaging of nucleic 
acids reveals more information on the dynamic aspect, which is dependent on cell activity. For 
example, new DNA synthesis reflects cell proliferation, while the RNA turnover is considered as 
a regulatory control over protein level.  Traditionally, measuring DNA synthesis was achieved 
by nucleoside analog bromodeoxyuridine (BrdU), which can then be detected using antibodies 
against BrdU. Later, the development of bioorthogonal chemistry introduced alkyne as a 
chemical handle into a deoxyuridine (dU) analog, 5-ethynyl deoxyuridine (EdU) (Salic and 
Mitchison, 2008). However, these methods either cannot work with live cells, or suffer from 
non-specific membrane staining background.  
Raman imaging is then recognized as the suitable tool to visualize the alkyne-tagged 
nucleoside analogs without further modification or click-chemistry reaction. Along with this, 
Yamakoshi et al. demonstrated imaging of EdU incorporated in DNA by spontaneous Raman 
micro-spectroscopy in living cells (Yamakoshi et al., 2011) (Figure 1.1 a). To further boost the 
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imaging speed and sensitivity and achieve live cell imaging, Wei et al. and Hong et al. 
independently applied stimulated Raman scattering and captured the newly synthesized DNA in 
living cells (Hong et al., 2014; Wei et al., 2014) (Figure 1.1 b-c). Wei et al. also successfully 
probed cell proliferation in C. elegans germline (Wei et al., 2014) (Figure 1.1 d). Later Chen et 
al. created different vibrational colors for EdU by isotope-editing the alkyne moiety (Chen et al., 
2014) (Figure 1.1 e-f). With these multi-color labels and applying them in a pulse-chase manner, 
Hu et al. recently showed that even different stages of DNA synthesis could be visualized in the 
same nuclei of neural progenitor cell (Hu et al., 2016) (Figure 1.1 g-i). Thus, the live-cell 
imaging capability of SRS as well as the multiplexing potential of EdU makes it possible to 
reveal cell cycle dynamics in complex tissue or animal samples. 
Using the similar strategy, RNA synthesis can be measured by incorporation of alkyne-
tagged uridine analog, 5-ethynyl uridine (EU) (Jao and Salic, 2008). Employing SRS imaging, 
Wei et al. visualized RNA synthesis, most of which is attributed to ribosomal RNA (Wei et al., 
2014). With pulse-chase labeling, they also showed that compared to DNA dynamics at the time 




Figure 1.1: Raman images of nucleic acids. (a), Raman spectral imaging of HeLa cells 
labeled with EdU (Yamakoshi et al., 2011). Scale bar: 10 µm. (b and c), SRS imaging of alkyne 
(b) and lipid (c) channel of HeLa cells labeled with EdU (Wei et al., 2014). Scale bar: 10 µm. 
(d), SRS imaging of EdU reveals cell proliferation in C elegans (Wei et al., 2014). Scale bar: 5 
µm. (e and f), structures and Raman spectra of isotope-edited EdU molecules (Chen et al., 
2014). (g to i), SRS imaging of 12C-EdU (g) 13C-EdU (h) channels and their overlay (i) in a pulse 
chase labeled neuron progenitor cell (Hu et al., 2016). Scale bar: 20 µm. (j), SRS imaging 
reveals the decay of alkyne signal following pulse labeling of EU in cells (Wei et al., 2014). 
Scale bar: 10 µm. 
1.3 Vibrational tags for protein metabolism 
As the last piece in central dogma, protein metabolism is tightly controlled via both 
synthesis and degradation. Some modalities of measuring protein dynamics have been 
developed, such as genetically encoded GFP reporter (Eden et al., 2011) and SILAC-based 
protein mass spectrometry (Mann, 2006). The former fuses GFP to a specific protein, which 
enables fluorescence imaging and quantification of one protein at a time (Eden et al., 2011). It 
allows spatial information to be obtained in live cells, but is only limited to selected proteins and 
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does not report the global protein homeostasis. The latter uses isotope-labeled amino acids to 
create mass shift in peptides, which marks the newly synthesized proteins in mass spectrometry 
(Mann, 2006). It provides rich information of a large number of proteins at the same time, yet 
losses the spatial resolution when working with cell lysate. Complementary to the above 
modalities, in this section, I’ll summarize how Raman imaging of vibrational tags can be applied 
to interrogate protein metabolism. The vibrational tags are introduced to amino acids, which can 
then be metabolically incorporated into proteome after pulse and/or chase labeling. It offers 
spatial information about global proteome dynamics in live cells, which would be valuable under 
scenarios such as local protein synthesis and dysfunction of protein quality control system.  
Similar to alkyne tagged nucleic acids, alkyne has also been introduced to amino acids in 
a methionine analog, HPG (Beatty et al., 2006). Although HPG suffers from low incorporation 
rate compared to natural methionine (~1/1000), Wei et al. and Hong et al. were still able to 
visualize protein synthesis using highly sensitive SRS microscopy (Hong et al., 2014; Wei et al., 
2014) (Figure 1.2 a). Alternatively, isotope-labeled (2H- or 13C-) amino acids can be used. The 
carbon-deuterium bond enriched in newly synthesized proteins serves as a good Raman-active 
analog in the cell-silent region. van Manen et al. imaged protein synthesis using d5-
phenylalanine with spontaneous Raman microspectroscopy (van Manen et al., 2008). Wei et al. 
further improved the label incorporation using a mixture of 20 deuterated amino acids, and 
applied SRS for fast image acquisition (Wei et al., 2013) (Figure 1.2 b-e). This methodology is 
later optimized into a general platform to interrogate protein metabolism across a variety of 
systems, including primary neuron cells, brain tissues, and even whole animals including 
zebrafish larvae and mouse (Wei et al., 2015a) (Figure 1.2 f and g). They revealed possibly 
function-related higher protein synthesis activity in hippocampus and cortical regions in a brain 
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slice. Moreover, employing the spectral difference between two subsets of deuterated amino 
acids, they were also able to image two temporally distinct populations of newly synthesized 
proteins. 
Apart from protein synthesis, isotope-labeled amino acids could also provide information 
for protein degradation. This is achieved by imaging the signal decay of the ‘old’ proteome. Shen 
et al. measured the decay of the endogenous phenylalanine peak after 13C-phenylalanine labeling 
to map protein turnover under both steady state and stressed conditions (Shen et al., 2014) 
(Figure 1.2 h-j). In this way, heterogeneous population was observed for perturbed protein 
turnover in a model for neurogenerative disease. Interestingly, they found that in cells with large 
huntingtin protein aggregation, the overall proteomic turnover remains normal. However, in cells 
with oligomeric huntingtin protein, reduced proteomic turnover can be observed, suggesting the 





Figure 1.2: Visualization of protein metabolism with vibrational tags. (a), SRS 
imaging of alkyne from HeLa cells labeled with Hpg (Wei et al., 2014). Scale bar: 10 µm. (b to 
d), SRS imaging of C-D channel (b), amide channel (c), and ratiometric (d), images of HeLa 
cells labeled with deuterated amino acids (Wei et al., 2013). Scale bar: 10 µm. (e), time-lapse 
imaging of HeLa cells labeled with deuterated amino acids during cytokinesis, arrow 
indicates newly synthesized proteins at mid-body (Wei et al., 2013). Scale bar: 10 µm. (f and 
g), SRS imaging of newly synthesized proteins in liver. (f) and intestine (g) tissue sections of 
mouse after administration of deuterated amino acid (Wei et al., 2015a). Scale bar: 10 µm. (h), 
SRS ratiometric imaging of 12C- and 13C-phenylalanine can be used to quantify protein 
turnover in HeLa cells (Shen et al., 2014). Scale bar: 20 µm. (i), Cells with a fluorescent 
marker indicate the localization of poly-Q protein aggregate. (j), Phenylalanine ratiometric 
imaging of same cell in (i) indicates heterogeneity in protein turnover (Shen et al., 2014). 
Scale bar: 10 µm.  
 
1.4 Vibrational tags for lipid metabolism 
Lipids are indispensable biomolecules that function in energy storage, membrane 
architecture, and signaling. They consist of a variety of molecules. For example, triacylglyceride 
and cholesterol ester are the major lipids stored in lipid droplets; cholesterol is a major 
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component in the plasma membrane; the amphipathic phospholipids make up most of the cell 
membrane. To study lipid metabolism, vibrational tags could be introduced into the precursor or 
building blocks. Enrichment of tags into the newly synthesized lipids could offer contrast for 
imaging. In this section, I will summarize the applications of vibrational tags in studying 
metabolisms of cholesterol, fatty acids, and choline. For more general reviews about applications 
of Raman imaging in lipid biology, the readers could refer to earlier reviews by Yu et al. (Yu et 
al., 2014) and Syed et al. (Syed and Smith, 2016)  
Cholesterol is a well-known regulator of membrane biophysical properties, thus its 
concentration and subcellular distribution are critical for membrane protein functions and 
signaling. Excess cholesterol can be stored in lipid droplets as cholesterol ester or degraded by 
oxidation. Disturbed cholesterol metabolism is associated with many diseases such as Niemann-
Pick type C (NPC) and atherosclerosis (Maxfield and Tabas, 2005). Thus, there is an increasing 
need for quantitative imaging of cholesterol distribution as well as its metabolism. Towards this 
purpose, filipin has been used as a naturally fluorescent cholesterol-binding probe. Yet it remains 
undetermined whether it authentically reports cholesterol distribution (Maxfield and Wüstner, 
2012). Fluorescent analogs of cholesterol such as dehydroergosterol and NBD-cholesterol were 
developed previously for such purpose, yet the former requires UV excitation while the latter 
inevitably changes the physicochemical properties of cholesterol (Maxfield and Wüstner, 2012).  
In this case, Raman imaging enables the use of small tags that better preserve the identity 
of cholesterol. Indeed, several reports have successfully applied Raman imaging to study 
cholesterol metabolism. For example, cholesterol isotopologues with a different number of 
deuterium substitutions have been used (Figure 1.3 a). Specifically, Matthäus et al. have used d6-
cholesterol with spontaneous Raman imaging to reveal LD accumulation of cholesterol 
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scavenged by macrophages (Matthäus et al., 2012) (Figure 1.3 b). Alfonso-Garcia et al. 
improved the labeling density by using d38-cholesterol purified from an engineered yeast strain 
(Alfonso-García et al., 2016) (Figure 1.3 a). With SRS imaging, they were able to reveal 
heterogeneous partitioning of free cholesterol, cholesterol ester, and triglyceride into LDs 
(Figure 1.3 c and d). In another study (Villareal et al., 2016), d6-desmosterol was found 
accumulated in LDs when the cells were infected by hepatitis C virus. 
To further boost the detection sensitivity, Lee et al. synthesized a phenyldiyne-tagged 
cholesterol analog (Lee et al., 2015) (Figure 1.3 e). Phenyldiyne (conjugated two alkynes 
terminated by a phenyl group) has even larger cross-section than single alkyne (15 times), and 
approximates to 20 fully deuterated cholesterol molecules. Although phenyldiyne is more 
perturbative than the minimal labeling by deuterium, its larger cross-section enables visualization 
of cholesterol in not only LDs, but also in lysosomes and membrane (Figure 1.3 f and g). The 
authors also showed that phenyldiyne-tagged analog resembled the behavior of natural 
cholesterol, including esterification-dependent accumulation in LDs, lysosomal accumulation in 
an NPC disease model, as well as protein-dependent uptake in C. elegans (Figure 1.3 h).  
Phospholipids comprise the majority of the membrane structures, and choline is among 
the most abundant head groups for phospholipids (Holthuis and Menon, 2014). Choline 
immobilization in cells reflects mainly membrane synthesis activity. To visualize this process, 
Hu et al. has applied d9-choline in a variety of cell types including primary mouse neurons to 
image choline metabolites with SRS (Hu et al., 2014). With this, they were able to reveal the 
elevated choline metabolism in cancer cells and highlighted the importance of choline in 
embryogenesis (Figure 1.3 i-k). To improve detection sensitivity, Lu et al. adopted an alkyne-
tagged choline analog, propargylcholine (Wei et al., 2014). With the shifted alkyne frequency in 
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the positively charged choline, they also demonstrated two-color imaging of choline metabolism 
(propargylcholine) and DNA synthesis (EdU). 
Fatty acids not only serve as an energy source for cells through oxidation, but also build 
up the hydrophobic part of the membrane, while excess fatty acids are stored in LDs. The 
metabolic flow of fatty acid is dynamically regulated to maintain lipid homeostasis. Thus, the 
acquisition of spatiotemporal information of lipid metabolites provides insight into how this 
regulation is accomplished. Towards this goal, Raman-active analogs of fatty acids have been 
used, namely deuterium-labeled fatty acids and alkyne-labeled fatty acids. For example, van 
Manen et al. used d8-arachidonic acid (AA) to label LDs in neutrophils, and observed a close 
association between AA-enriched LDs and phagosome (van Manen et al., 2005). Xie et al. (Xie 
et al., 2006) and Weeks et al. (Weeks et al., 2011) demonstrated that d33-oleic acid or d2-oleic 
acid could be used for CARS microscopic imaging of lipid droplets. With reduced non-resonant 
background in SRS, Zhang et al. were able to reveal the cellular uptake of d31-palmitic acid and 
its incorporation into LDs and membrane (Zhang et al., 2011). Matthäus et al. used d31-palmitic 
acid and d33-oleic acid to quantify the fatty acid scavenging kinetics in human macrophages by 
Raman spectroscopic imaging (Matthäus et al., 2012). Recently the same group applied SRS 
imaging with faster speed and revealed heterogeneous uptake dynamics across the cell 
population (Stiebing et al., 2017). Not all fatty acids are metabolized in the same way. To reveal 
the ‘metabolic fingerprinting’ of fatty acids, Fu et al. applied hyperspectral SRS imaging for 
neutral lipid profiling (Fu et al., 2014a). The spectral signatures in different fatty acids, including 
d31-palmitic acid, d33-oleic acid, and d8-arachidonic acid, allowed simultaneous tracking of their 
incorporation (Figure 1.3 l-o). Alkyne-tagged analogs can also be used for tracking fatty acid 
metabolism. For example, Wei et al. (Wei et al., 2014) demonstrated imaging of 17-octadecynoic 
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acid, a palmitic acid analog, that was scavenged by macrophages or taken up by C. elegans. 
Hong et al. (Hong et al., 2014) also showed the same molecule incorporated into LDs. 
 
Figure 1.3: Lipid metabolism visualized by isotopologues vibrational tags. (a), 
Comparison of C-D Raman intensity in D7-cholesterol and D38-cholesterol (Alfonso-García et 
al., 2016). (b), Spontaneous Raman imaging of d6-cholesterol scavenged into LDs of 
macrophage cell (Matthäus et al., 2012). (c and d), Hyperspectral SRS imaging reveals 
heterogeneous d38-cholesterol incorporation into LD populations (c), which correlates with 
distinct hyperspectral features in C-H vibration (d) (Alfonso-García et al., 2016). Scale bar: 20 
µm. (e), Structure of phenyldiyne-tagged cholesterol (Lee et al., 2015). (f and g), SRS imaging 
of phenyldiyne-cholesterol (f) and BODIPY staining (g) in M12 cells reveals cholesterol 
accumulation into both LDs and lysosomes (Lee et al., 2015). Scale bar: 10 µm. (h), SRS 
imaging of phenyldiyne-cholesterol in C elegans (Lee et al., 2015). Scale bar: 10 µm. (i), 
Structure of D9-choline molecule (Hu et al., 2014). (j and k), Comparison of D9-choline 
incorporation between cancer cell (j) and non-cancer cell (k) reveals elevated choline 
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metabolism in cancer cells (Hu et al., 2014). Scale bar: 10 µm (l and m), Hyperspectral SRS 
imaging reveals difference between incorporation rate (C-D/C-H) of PA-d31 (l) and OA-d31 (m) 
(Fu et al., 2014a). Scale bar: 20 µm. (n), SRS spectra of different fatty acids (Fu et al., 2014a). 
(o) Metabolic profiling in LDs reveals distinct spectral features after incorporation of 
different fatty acids (Fu et al., 2014a). 
 
1.5 Vibrational tags for glucose metabolism 
Glucose is the primary energy source for almost all living organisms, and cells actively 
regulate glucose metabolism to support cell functions. Therefore, regional glucose uptake is an 
indicator of tissue metabolic activity, and is used as a diagnostic contrast (Plathow and Weber, 
2008). To achieve such goals quantitatively, glucose analogs have been adopted in imaging and 
diagnostic techniques such as positron emission tomography (PET) and magnetic resonance 
imaging (MRI) (Walker-Samuel et al., 2013). For example, PET tracers such as 18F-
fludeoxyglucose (18FDG) are widely used in clinical diagnostics, and recently MRI of glucose 
has been demonstrated by chemical exchange saturation transfer and hyperpolarization of 13C 
labeled glucose. However, both PET and MRI have limited spatial resolution and cannot 
visualize glucose uptake in single cells. Fluorescent analogs such as 2/6-NBDG have thus been 
developed to achieve optical resolution (O’Neil et al., 2005; Yamada et al., 2007). But the large 
physical size and the hydrophobicity of the fluorophores significantly influence the property of 
natural glucose and could cause non-specific interactions in cells and tissues (Hughes et al., 
2014; Zanetti-Domingues et al., 2013). 
A novel glucose analog 3-O-propargyl-d-glucose (3-OPG) has been recently developed to 
visualize glucose uptake activity in single cells by SRS (Hu et al., 2015) (Figure 1.4 a). A small 
alkyne tag was introduced onto glucose molecules to provide a strong and characteristic Raman 
signal in the cell-silent window and can be imaged by SRS with high specificity and little 
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perturbation. The glucose transporter dependence of 3-OPG uptake was verified, and quantitative 
kinetics measurements showed the uptake of 3-OPG by cellular glucose transporters was fast and 
efficient. Simultaneous imaging of both 2-NBDG and 3-OPG showed little non-specific 
interaction of 3-OPG inside cells in contrast to 2-NBDG, supporting that 3-OPG can be a more 
truthful probe for glucose uptake. 3-OPG was further applied to visualize glucose uptake activity 
in live cancer cell lines, primary hippocampal neurons (Figure 1.4 b), xenograft tumor tissues 
and mouse brain tissues to reveal heterogeneous patterns of uptake activity.  
Besides glucose uptake by 3-OPG, isotopologues are used to investigate glucose 
incorporation. Bacterial species differentiation was demonstrated by coupling spontaneous 
Raman microscopy with 13C-glucose (Huang et al., 2004). The authors found that the 13C-
glucose incorporation shifted characteristic peaks to lower wavenumbers, which allows them to 
use multivariate methods subsequently for taxa discrimination.  In another study (Venkata and 
Shigeto, 2012), 13C-glucose incorporation into phenylalanine was probed as the stable isotope 
shifts the ring breathing mode to a unique frequency.  
In addition to 13C-glucose, D7-glucose has also been coupled with SRS to study glucose 
metabolism and incorporation into de novo lipogenesis in single living cells (Li and Cheng, 
2014) (Figure 1.4 c and d). Unlike 3-OPG, D7-glucose was shown to incorporate into cellular 
lipid synthesis by SRS imaging of C-D labeled lipid droplets. As expected, glucose utilization for 
lipid synthesis was found to be much larger in pancreatic cancer cells than normal pancreatic 
epithelial cells. In addition, compared to pancreatic cancer cells, prostate cancer cells had 




Figure 1.4: Raman images of glucose and small molecule drugs bearing vibrational 
tags. (a and b), Structure and SRS imaging of an alkyne-tagged glucose analog, 3-OPG (Hu et 
al., 2015). Scale bar: 40 µm. (c and d), structure of d7-glucose and SRS imaging of de novo 
lipogenesis from d7-glucose (Li and Cheng, 2014). Scale bar: 10 µm. (e), Structure of 
Rhabduscin. (f), SRS imaging of isonitrile reveals the distribution of Rhabduscin in cell 
periphery of X. nematophila (Crawford et al., 2012). Scale bar: 10 µm. (g and h), Deprotonated 
(upper) and protonated (bottom) forms of FCCP (g) and Raman imaging of their distribution 
in HeLa cell (h) (Yamakoshi et al., 2013). Scale bar: 10 µm. (i), Structure of a phenyldiyne-
tagged CoQ (AltQ4). (j), Raman imaging of AltQ4 accumulation in HeLa cell (Yamakoshi et 
al., 2012b). Scale bar: 10 µm. (k), structure of terbinafine, a skin drug (Wei et al., 2014). (l and 
m), SRS images at alkyne, amide, and lipid channel (Wei et al., 2014). Scale bar: 20 µm. 
 
1.6 Vibrational tags for small molecule drug imaging 
The quantitative ability of SRS has made it an ideal tool to study drug uptake, 
distribution, delivery, and screening. More importantly, the intrinsic or externally-introduced 
18 
 
vibrational tags such as alkyne and nitrile can be used for improved chemical specificity and 
sensitivity without the problem of using bulky and perturbative fluorophores. Besides, the non-
invasive nature of SRS makes it possible to image drugs in live cells or even live animal in real 
time (Tipping et al., 2016). 
Drugs bearing nitrile or alkyne moiety can be readily imaged by SRS and Raman 
microscopy. Crawford et al. demonstrated SRS imaging of rhabduscin (Crawford et al., 2012), a 
natural product by some gram-negative insect pathogens, which bears isonitrile as the intrinsic 
vibrational tag. In genetically transformed E. coli producing rhabduscin, they found significant 
rhabduscin localization in the cell periphery (Figure 1.4 e and f). More recently, the sensitive 
property of nitrile to molecular structure was utilized to acquire structure-based imaging of 
protonated and deprotonated forms of carbonylcyanide p-trifluoromethoxyphenylhydrazone 
(FCCP) molecules in live cells with spontaneous Raman microscope (Yamakoshi et al., 2013) 
(Figure 1.4 g and h). In another study, a series of diyne-tagged small mobile molecules 
coenzyme Q (CoQ)  were synthesized and imaged in the mitochondria of live HeLa cells by line-
scanned spontaneous Raman microscope (Yamakoshi et al., 2012b) (Figure 1.4 i and j). Two-
color Raman imaging of EdU and diyne-tagged CoQ analog AltQ2 were also demonstrated in 
live cells. 
The subcellular localization of a drug contains useful information as some drugs target 
certain cellular compartments to function and some might be enriched in certain organelles that 
are not the designed targets. For example, label-free hyperspectral SRS imaging of two ABL1 
tyrosine-kinase inhibitors imatinib and nilotinib has been achieved inside living cells. Both drugs 
were found to enrich in lysosomes for over 1000 fold due to the lysosomotropic properties (Fu et 
al., 2014b). Chloroquine was found to reduce the lysosomal trapping of imatinib, which suggests 
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co-treatment with chloroquine may increase the drug efficacy through lysosome-mediated drug-
drug interaction. In another study (El-Mashtoly et al., 2013), erlotinib, an alkyne bearing FDA 
approved cancer drug was imaged with spontaneous Raman microscopy. The author found that 
the EGFR targeting drug is clustered with EGFR at the membrane and induced receptor 
internalization.  
SRS has also been applied to study drug delivery. The skin penetration pathway of 
alkyne-bearing drug terbinafine was visualized in mouse ear tissue by the 3D-sectioning of SRS 
(Wei et al., 2014). The distribution of terbinafine matches with that of lipids, suggesting its 
delivery in tissues is through the lipid phase, consistent with its lipophilic property (Figure 1.4 k-
m). 
In addition to the drug distribution and delivery, Raman scattering has been used for drug 
screening. Alkyne tag is recently applied to identify small molecule binding sites in proteins 
(Ando et al., 2016). The combination of alkyne tag and silver nanoparticles for SERS detection 
of peptide mixtures has demonstrated high sensitivity down to 100 femtomole. Alkyne-tag 
Raman screening (ATRaS) has successfully identified inhibitor-binding site in cysteine protease 
cathepsin B and is compatible with complex mixtures of trypsin-digested cell lysate. 
 
1.7 Vibrational tags for organelle imaging 
Each organelle plays a specific and indispensable role in cellular processes. Fluorescent 
probes that can be targeted to specific organelles are capable of reporting localized 
bioinformation and are potentially useful for gaining insight in both healthy and diseased states 
of cells. Many fluorescent organelle probes have been developed by covalently incorporating an 
organelle-anchoring motif (Xu et al., 2016; Zhu et al., 2016). However, the cytotoxicity, cell 
membrane permeability, non-specific interaction and photo-stability are the major issues in 
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fluorescent organelle imaging.  
A mitochondria-targeted vibrational tag has recently been reported by linking 
triphenylphosphonium with bisphenylbutadiyne, which exhibits a strong Raman peak in the cell-
silent region (Yamakoshi et al., 2015). Line-scanning spontaneous Raman imaging of this tag has 
been demonstrated to visualize mitochondria in live cells. In addition, resonant Raman tags for 
organelle imaging were also developed recently based on a quencher scaffold (azobenzene or 
blackberry quencher 650). These scaffolds have extremely low fluorescence and were modified 
to have red-shifted absorption for resonant Raman measurement (Kuzmin et al., 2016). And cell 
membrane, mitochondria, and lysosome anchoring motifs were covalently linked to the quencher 
to allow organelle-specific imaging by resonant Raman imaging in live cells, although with 
limited imaging speed and sensitivity.  
1.8 Vibrational tags for brain imaging and metabolism 
Ever since the invention of Golgi stain which makes it possible to see the whole nerve 
cell under microscopes, light microscopy has remained the key tool for neurobiologists to 
conduct structural and functional studies in neurosystem for its noninvasive nature and high 
spatial-temporal resolution (Wilt et al., 2009). Voltage sensors and calcium sensors have been 
used to visualize voltage dynamics in the neurons; two-photon imaging and new laser-scanning 
approaches have been deployed to image deeper and faster, and super-resolution techniques have 
been applied to neurosciences which led to the discovery of new structural features (Combs, 
2010; Svoboda and Yasuda, 2006). However, these techniques rely on fluorescence probes, 
which are generally difficult to label small molecules involved in the metabolism of 
neurosystems. SRS imaging of vibrational tags, on the other hand, provides an alternative 
contrast suitable for visualizing cellular metabolism with high chemical specificity. Both 
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deuterium substituted and alkyne tagged small molecules are successfully used for this purpose 
as reviewed in this section. 
Synaptic plasticity is thought to be the cellular basis of learning and long-term memory 
formation, and changes in protein synthesis are required during the process. To visualize changes 
in protein expression, Lu et al. applied deuterated amino acids to cultured hippocampal neurons 
(Wei et al., 2013). By targeting carbon hydrogen bonds and carbon deuterium bonds 
respectively, they achieved ratiometric images between existing proteins and newly synthesized 
proteins, and identified newly grown neurites which had a higher percentage of newly 
synthesized proteins (Figure 1.5 a). And in the follow-up study by the same group, where all 20 
amino acids were replaced by their deuterium substituted counterparts in the custom-prepared 
media, the protein synthesis on an entire ex vivo organotypic brain slice was quantitatively 
visualized (Wei et al., 2015a) (Figure 1.5 b). The authors found that the protein synthesis was 
only active in the dentate gyrus of the hippocampal region and in a few individual neurons. 
Given that the hippocampus is associated with long-term memory formation, this finding could 
hint the relationship between protein synthesis and neuronal plasticity. 
In addition to protein, the metabolism of choline, an important small molecule of all 
living organisms for its structural and signaling functions, has also been demonstrated with 
deuterium substituted choline in hippocampal neurons. Hu et al. visualized the spatial 
distribution of choline metabolites in hippocampal neurons (Hu et al., 2014) (Figure 1.5 c). In 
another study, propargylcholine was used to label choline species with higher signal intensity 
(Wei et al., 2014) (Figure 1.5 d). In a recent study, acetylcholine, a neurotransmitter, was 
quantitatively imaged at the neuromuscular junction of frogs. The label-free imaging was 
achieved with frequency-modulated spectral-focusing stimulated Raman scattering microscopy 
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that effectively removes imaging background (Fu et al., 2016). 
With all the tools developed for imaging nucleic acid, amino acids, fatty acid, and choline 
by SRS as previously described, Hu et al. further studied complex metabolism with all these 
vibrational tags in live rat brain hippocampal tissues and the metabolic response after traumatic 
injury with subcellular resolution (Hu et al., 2016). In the dentate gyrus of hippocampus, they 
found heterogeneous incorporations of amino acids, choline, and fatty acids at the subcellular 
level. Interestingly, the suggestive neural progenitor cell division was also observed with pulse-
chase labeling of 12C and 13C EdU isotopologues. In addition, they used the same platform to 
study the metabolic responses in live rat hippocampal tissues after traumatic injury, where they 
observed the elevated amino acid incorporation and lipid synthesis after mechanical injury 
(Figure 1.5 e and f), hypothetically resulting from activating a cascade of anabolic metabolism 





Figure 1.5: SRS images of cultured neurons and brain slides with isotopologues and 
alkyne tags. (a), left: Ratio image between new protein and total proteins. Although the 
starred neurites show a high percentage of new proteins, the arrows indicate neurites 
displaying a very low new protein percentage. right: Merged image between new protein 
(red channel) and total proteins (green channel). Similarly, the starred regions show obvious 
new proteins, whereas the arrows indicate regions that have undetectable new protein signal 
(Wei et al., 2013). Scale bar: 10 µm. (b), A 4 × 3 mm2 large-field view overlay image of new 
proteins (c–d, green), old proteins (CH3, red), and total lipids (CH2, blue) for a brain slice (400 
µm thick, from a P12 mouse) (Wei et al., 2015a). Scale bar, 100 µm. (c), The image of a single 
neuron shows the subcellular distribution of D9-choline metabolites. The amide images (left) 
display the same set of cells as in the choline-on images (right) (Hu et al., 2014). Scale bar: 10 
µm. (d), Live neurons incubated with propargylcholine (Wei et al., 2014). Scale bar: 10 µm. (e-
f), Increased choline (e) and fatty acid (f) metabolism for lipid synthesis are observed in the 
hilus of dentate gyrus after mechanical stretch (Hu et al., 2016). Scale bars: 40 µm. 
1.9 Conclusion 
Reviewed above, vibrational tags coupled with SRS have become an essential tool that 
leads to new understanding in biological science. And as the chemical development of 
vibrational tags progresses for better tags with higher specificity, sensitivity and multiplex 
capability (Wei et al., 2017), while the instrumental (Jr et al., 2014) and algorithmic development 
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advances for fast acquisition, hyperspectral modality and accurate classifiers, I can readily 
anticipate even broader applications of the techniques, especially when small molecule 
metabolism is under investigation. For example, metabolic alterations are usually observed in 
cancer cells and might be a key to cancer proliferation and metastasis (Cairns et al., 2011). 
Meanwhile, metabolic heterogeneity is also a common phenomenon among cancer cells, 
influenced by factors including local environments and genetic diversity (Coloff and Brugge, 
2017; McGranahan and Swanton, 2017; Sengupta and Pratx, 2015). Therefore, it requires the 
chemical information for quantification of metabolic activity, as well as the temporal and spatial 
information to probe tumor metabolism. In this sense, SRS coupled with vibrational tags is an 
ideal tool for live cell imaging with high spatial-temporal resolution, and chemical specificity. In 
other areas such as neuroscience and clinical diagnostics, such combination has already and will 
continue to contribute to our frontier of knowledge. 






Figure 1.6: Summary of currently developed vibrational tags and their application in 







CHAPTER 2:  
MEMBRANE PHASE SEPARATION IN ENDOPLASMIC 
RETICULUM AND LIPOTOXICITY2 
 
Obesity has become an epidemic – more than one-third of U.S. adults are obese, and of 
the people who are diagnosed with type 2 diabetes, 90% are also obese (from CDC). Among 
those obese patients, elevated circulating free fatty acids (FFAs), which may cause cell 
dysfunction or cell death, are often observed. Termed as lipotoxicity, the adverse process 
involving excessive lipids has been studied in many aspects and has linked the apoptosis of β 
cells and cardiac myocytes with elevated circulating FFA, which could underlie diabetes and 
heart failure (Karpe et al., 2011). Yet, most of the studies are phenomenological, lacking the 
fundamental explanation of lipotoxicity. 
  
 
2 Some contents in this chapter are adapted from: Shen, Y., Zhao, Z. et al. Metabolic activity induces membrane 




2.1 Introduction to lipotoxicity 
In almost all living organisms, lipid bilayers make up the boundary and the compartments 
in cells. These membrane compartments confine ions, proteins, and other biomolecules to where 
they are needed in order to maintain the normal functions of life. In addition to serving as the 
mere boundary, the highly organized membrane system in eukaryotic cells also has evolved to 
take on a much more complex role such as to facilitate signaling, transportation and biosynthesis, 
and so on. The key components that dictate these functions are the lipid composition and the 
membrane proteins that reside on the membranes. 
Lipid Bilayers are composed mostly of phospholipids that consist of a hydrophobic head 
group and two hydrophobic acyl chains. Since the acyl chain length can vary, the physical 
properties, especially the phase of the membrane bilayers can be determined. Interestingly, 
studies have shown that, depending on acyl chain composition, membrane bilayer could either 
blend into a uniform phase or phase-separate into coexisting domains (Feigenson, 2009).  
In this chapter, I’ll discuss how the change of influx of fatty acids influence the lipid 
composition in cells, causing phase separation on the membrane system (particularly ER 
membrane), which affects the distribution of ER membrane proteins and ER morphology as a 
result. Such adverse effect of the lipid compositional alteration on the membrane proteins and 
ER morphology ultimately leads to apoptosis and potential cell death. 
In the study discussed in this chapter, various fatty acids with different chain length and 






Figure 2.1: Structures of fatty acids used to treat cells in this study. 
2.2 Membrane phase separation in vitro 
Supported lipid bilayers (SLBs) are one of the most popular in vitro models for their 
resemblance to biological membranes in order to study cell membranes behaviors (Richter et al., 
2006). Pioneered by McConnell et al. who presented a way to make SLBs by spreading small 
lipid vesicles on hydrophilic hard supporting substrate (Brian and McConnell, 1984), the SLBs 
created can be made of a variety of lipid composition mixtures, and thus allows researchers to 
closely study the effect of chemical composition on the membrane bilayers, especially the phase 
behaviors. 
One of the most important properties of lipid bilayers is their fluidity, and almost all 
functions in cells that depend on the bilayers rely on the fluidity of the lipids — these functions 
are usually carried out by biomolecules such as membrane proteins that have to be able to diffuse 
on or to the membrane bilayers. However, the fluidity of membrane bilayers is largely dependent 
on the lipid composition at a given temperature due to the mobility of each individual lipid 
molecules at a certain temperature (Ballweg et al., 2020). Termed as phase behavior, such a 
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phenomenon of the change in the fluidity is fundamentally a result of Van der Waals interaction 
between adjacent lipid molecules (Feigenson, 2006; Koynova and Tenchov, 2013). When the 
acyl chains are randomly oriented, the relatively week intermolecular interactions allow the lipid 
molecules to freely diffuse and therefore fluidic. In contrast, when the acyl chains are fully 
extended and compactly packed, the strong Van der Waals interaction between acyl chains 
prevents individual molecules from freely diffusing, and thereby the bilayer loses its fluidity. 
Three major phases have been observed: liquid disordered (Ld), liquid ordered (Lo), and solid 
ordered (or crystalline, So). Depending on the composition (at a given temperature), the lipid 
bilayers can either adopt a uniform phase or phase-separate into coexisting of these phases 
(Koynova and Tenchov, 2013). 
In previous studies, the phase behaviors, and in particular phase separation behaviors, in 
SLBs were primarily studied by AFM. This is possible because in the lipid domains that are in 
the solid phase, for example, lipid molecules tend to extend their acyl chain to closely pack, the 
height of these domains on SLBs is therefore slightly higher than that of other liquid phases, so 
that the height difference can be detected by AFM (Richter et al., 2006). 
In this section, I’ll describe a new optical method to study the phase separation on SLBs 
using stimulated Raman Scattering microscopy (SRS). This optical approach is more flexible 
than AFM in terms of sample preparation and condition manipulation. 
I first considered a simple ternary system containing only 1,2-dipalmitoyl-sn-glycero-3-
phosphocholine (DPPC), a fully saturated phospholipid with relatively high transition 
temperature (Tm ≈ 41 °C), and 1-palmitoyl-2-oleoyl-glycero-3-phosphocholine (POPC), a 
phospholipid with relatively low transition temperature (Tm ≈ -2 °C), and a trace amount of 
cholesterol. By controlling the percentage of each lipid species in the lipid mixture, phase 
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separation can happen at room temperature (25 °C) because it is lower than the Tm of DPPC. 
Figure 2.2 shows a typical phase diagram of such a ternary mixture, where the L-So area suggests 
liquid and solid phase can coexist with the indicated composition, and phase separation can 
happen (Feigenson, 2009).  
 
Figure 2.2: The phase diagram of a ternary system containing common lipid species in 
cell membranes. Ld: liquid disordered phase; Lo: liquid ordered phase; So: solid ordered 
phase. 
Because the cross section of Raman scattering is orders of magnitude smaller than 
fluorescence, and because SLB contains only two layers of lipids, it is necessary to first estimate 
the approximate signal size for SLB in order to determine if the signal size is large enough for 
SRS detection. Given that the area per DPPC molecule occupies is ~ 50 Å2. The number of C-H 







× 2 × 2 × 31 = 7.1 × 10%	
Thus, the number of C-H bonds within the focal area is greater than the detection limit 
which is ~107 C-H bonds. 
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Having proven the feasibility, the next consideration was to visualize the phase 
separation with proper tags. I therefore chose 16:0 NBD PE, a fluorescent dye that was 
commonly used to study SLBs, and fully deuterated DPPC to visualize the potential solid phase. 
Spectrally, the vibration of carbon–deuterium bond (C–D) in DPPC has a distinct vibrational 
frequency for SRS microscopy and makes it possible for background free SRS imaging.  
SLBs were formed with 30% DPPC, 69% DOPC and 1% cholesterol, and then were 
imaged with fluorescence microscopy and SRS microscopy correlatively. Figure 2.3 shows a 
typical image of SLB. DPPC clearly formed solid phase which is characterized by slow domain 
diffusion and slow diffusion within the domains — the domains shown in Figure 2.3 a and c did 
not change after at least 30 minutes. Interestingly, the fluorescent dye 16:0 NBD PE appreared as 
dark holes in the solid domains (Figure 2.3 b and d). This could be either because that the lipid 
and the dyes were packed so closely in the solid domain that the fluorophores self-quenched, or 
because that they did not partition into the solid domain at all. Given that the dye was only added 
at trace amount, it was unlikely that they could self-quench at the low concentration. It has also 
been shown that other fluorescence dyes such as BODIPY PC prefer not to partition into the 
solid phase either (Baumgart et al., 2007). Therefore it was more likely that 16:0 NBD PE could 
not be included within the solid domains.  
In previous studies, the SLBs were commonly visualized by fluorescence probes. This 
might be the first time that lipid species were directly visualized with an optical method. As 
shown in Figure 2.3, the fluorescence visualization might be misleading since fluorescent dyes 




Figure 2.3: Visualization of phase separation on SLBs. (a), d62-DPPC on SLBs 
visualized by SRS. Scale bar: 10 µm. (b), fluorescence dye 16:0 NBD PE visualized by 
fluorescence microscopy. (c), a zoomed-in view of (a). (d), a zoomed-in view of (b). Scale bar: 
2 µm. 
2.3 Membrane phase separation in vivo 
In the previous section, the phase separation with the in vitro SLB model is demonstrated 
by directly visualizing lipid molecules. In this section, I aim to show that under pathological 
conditions, it is also possible that phase separation can happen in vivo, causing cellular 
malfunctioning and triggering apoptosis which ultimately leads to cell death.  
2.3.1 Phase separation on endoplasmic reticulum 
In mammalian cells, endoplasmic reticulum (ER) is one of the largest membrane systems 
and hosts most of the metabolic activities of lipid synthesis (Friedman and Voeltz, 2011). It is 
well known that when treating cells with saturated fatty acids to mimic the physiological 
conditions of obesity, ER stress and unfolded protein response (UPR) will be triggered, and if the 
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treatment lasts long enough, cell death via apoptosis is often observed as the result (Halbleib et 
al., 2017; Kitai et al., 2013; Volmer et al., 2013). This is considered as one of the reasons that 
obesity and type 2 diabetes are causally correlated, where pancreatic β cells fail due to an 
excessive amount of fatty acids. However, the exact molecular mechanism to this date is still yet 
fully understood, although various hypotheses such as the disruption of protein trafficking and 
generation of reactive oxygen species (ROS) have been proposed (Han and Kaufman, 2016). 
We have previously shown that upon palmitic acid (PA) treatment, the most common 
saturated fatty acid found in animals, phosphatidylcholine (specifically PC 34:0) level was 
significantly elevated by more than ten times (Shen et al., 2017). Since PC is one of the major 
components of the membrane bilayers and the biosynthesis of PC from PA primarily happens on 
ER, it is reasonable to hypothesize that these newly synthesized PC from the influx of PA 
treatment will be firstly incorporated into the ER membrane. 
Similar to the in vitro experiment described in the prior section, after treating the cells 
with deuterated palmitic acid (d-PA), large planer structures made of the metabolites of d-PA 
appeared in the cells (Figure 2.4). The micron-sized domains were considered as PA metabolites 
instead of free fatty acid depositions for several reasons. First, fatty acids alone had not been 
observed to be capable of forming such large planer structures. Second, blocking of acyl-CoA 
synthetase abolished the formation of these domains, suggesting what’s forming the domains 
needed to be firstly processed by acyl-CoA synthetase (Shen et al., 2017). Lastly, the formation 
of the domains can also be suppressed by inhibiting GPAT4, the enzyme needed in phospholipid 
synthesis. This information suggests that micron-sized domains were composed of d-PA 





Figure 2.4: Timelapse SRS images of HeLa cells treated with d-PA. (a), After one hour, 
planer micron-sized lipid domains appeared in the cells and continued to grow. Arrows 
indicate the growth of the lipid domains. Scale bar: 20 µm. (b), zoom-in views of (a), arrows 
indicate two areas where lipid domains had grown substantially after 55 minutes. 
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Also similar to the in vitro experiment, these domains have characteristically low 
diffusion coefficient and lateral diffusion. A pulse-chase experiment was carried out in which 
cells were firstly treated with regular PA for 3 hours and then with d-PA for 2 hours. Clearly 
visualized in Figure 2.5, the SRS images at the C-D vibrational frequency show bullseye 
structure from the pulse C-H PA labeling and chase C-D PA labeling. This result confirms the 
extremely low lateral mobility within and domains and thus suggests that the lipid domains in 
cells are in solid phase.  
 
Figure 2.5: Bullseye structure observed with SRS microscopy after pulse labeling cells 
with PA and chase labeling cells with d-PA. Images were taken at the C-D vibrational 
frequency. Cells were first treated with regular PA for 3 hours and then treated with d-PA for 
2 hours. Arrows indicate clear bullseye structures resulted from the pulse-chase treatments. 
The bullseye structures indicate minimal diffusion within the lipid domains, suggesting 
these domains are in solid phase. Scale bar: 20 µm. 
Because mammalian cells ER hosts most of the metabolic activities of lipid synthesis, 
and the lipidomic analysis indicated that accumulated lipids were all membrane constituents, it 
was reasonable to hypothesize that the lipid domains observed happened on the ER membrane. 
To confirm the hypothesis, colocalization analysis was carried out with correlative ER 
fluorescence markers and SRS metabolic imaging. Shown in Figure 2.6, the emerging lipid 
domains colocalize with ER membrane marker sec61β tagged with mCherry, suggesting that 





Figure 2.6: Palmitate-derived structures colocalize with ER markers. mCherry-Sec61β 
expressing COS-7 cell. Magnified views are shown for boxed areas. Scale bars: major, 10 µm; 
Inset, 2 µm. 
2.3.2 Phase separation on ER depends on lipid composition 
The unique feature of phosphatidylcholines (PCs) which are the main components of 
membrane bilayers is that the phase transition temperature (Tm) depends on the length and 
saturation of their two acyl chains. Below Tm, the hydrocarbon chains of the lipids tend to be 
fully extended and form close packing and thus prefer to the ordered gel phase. When the 
temperature is even lower, the lipids can transit to the solid phase (crystalline phase). Table 2.1 
summarizes Tm of the most commonly found PCs in cells. It is obvious that the shorter the acyl 
chains, the lower the Tm. In addition, unsaturation significantly decreases the Tm as the lipid is 
commonly in the cis isomerism, which disrupts the acyl chain packing. It is therefore reasonable 
to assume that the formation of the lipid domains on ER that are in solid phase should also 




Table 2.1: Transition temperature of common phosphatidylcholines 
Phosphatidylcholine Tm (°C) 
12:0 PC (DLPC) -2 
14:0 PC (DMPC) 24 
16:0 PC (DPPC) 41 
18:0 PC (DSPC) 55 
18:1c9 PC (DOPC) -17 
 
To test the hypothesis, deuterated fatty acids of various acyl chain length and saturation 
were used to treat cells, and SRS images were taken after 6 hours of treatment to examine the 
lipid structures in cells. Since these fatty acids were known to induce the lipid droplets (LDs), I 
also stained LD with fluorescent dye Nile red. 
Consistent to the trend of their Tm, the solid domains were absent in cells treated with 
short chain fatty acids such as d23-lauric acid (d-LA) and d27-myristic acid (d-MA). Similarly, the 
unsaturated fatty d34-oleic acids (d-OA) did not form solid domains either. Instead, all these fatty 
acids with low Tm induced significantly elevated levels of LDs (Figure 2.7).  
In contrast to the short chain fatty acids, d31-palmitic acid (d-PA) and d35-stearic acid 
induced solid membrane domains in cells. This makes sense since their transition temperatures 
are all above the temperature that cells were cultured at (37 °C). Only few LDs were observed in 





Figure 2.7: Chain length and saturation dependence of the formation of solid 
membrane domains. Cells were treated with 400 µM deuterated fatty acids of various chain 
length and saturation. Lipid metabolites of the fatty acids were visualized with SRS 
microscopy. Nile red was used to visualize LDs. Scale bar: 20 µm. 
Since metabolites of OA have low Tm in cells, and it has been found that the 
monounsaturated fatty acid is protective to cells against lipotoxicity (Karaskov et al., 2006; Peng 
et al., 2011), I then aimed to investigate if OA treatment can resolve the phase separation 
induced by d-PA. Cells were first treated with 400 µM d-PA for 3 hours, then d-PA was removed 
from the media and 200 µM OA was added to cells and time-lapse images were taken to track d-
PA metabolites. 
As expected, after OA was added to cells for more than two hours, most of the solid 
membrane domains were cleared (Figure 2.8). It is also interesting to note that OA metabolites 
cleared the solid membrane by forming lipid droplets that channeled phospholipids with high Tm 
to a more inert form triglyceride (TAG), which is the main component in lipid droplets. This 
finding is also consistent with previous studies that showed lipid droplets were protective to cells 




Figure 2.8: Solid membrane domains clearance by monounsaturated fatty acids. (a), 
time-lapse images showing the disappearance of solid membrane domains after 
monounsaturated fatty acids treatment. Scale bar: 20 µm. (b), zoom-in view comparison 
between before and after monounsaturated fatty acids treatment. Large solid membrane 
domain indicated by the arrows were clearly disappeared the OA treatment. 
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In human cells, stearoyl-CoA desaturase-1 (SCD1) is the key enzyme that catalyzes the 
formation of monounsaturated fatty acids from saturated fatty acids (Flowers and Ntambi, 2008). 
Since the phospholipids in cells are also mainly composed of palmitoyl group which induces 
phase separation and oleoyl group which is synthesized by SCD1 enzyme from palmitoyl-CoA 
and stearoyl-CoA, I then wonder if phase separation can happen if SCD1 is inhibited while the 
exogenous supply of unsaturated fatty acids is limited. This scenario might happen in a 
physiological condition as SCD1 is found mutated or decreased in many type-2 diabetic patients 
(Bódis et al., 2018).  
To investigate the effect of SCD1 inhibition, MF-438, an SCD1 inhibitor was used to 
treat HeLa cells without any additional supply of fatty acids. Because acyl chains would be 
randomly incorporated into various phospholipids with different Tm, it was challenging to 
directly visualize the phase separation behaviors as previously described. Instead, after MF-438 
treatment, cells were fixed and then washed with Triton X-100, a surfactant that was known to 
only remove loosely packed lipids in liquid phase but not the ones in the closely packed solid 
phase. After the Triton wash, cell membranes were visualized by label-free SRS microscopy 
tuned to the CH2 vibrational frequency that primarily existed in lipids to image what was left by 
the Triton wash.  
Shown in Figure 2.9, when SCD1 was inhibited and no exogenous supplements of 
unsaturated fatty acids were in the media, phase separation happened on membranes in cells as 
expected, and large solid lipid domains can be observed within cells. On the contrary, when 
SCD1 was functional in the control group, even though no unsaturated fatty acids were supplied 
to the cells, the enzyme could still convert the existing saturated fatty acids to the 
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monounsaturated fatty acids and thereby introducing phospholipid of low Tm to the cells. As the 
result, no phase separation was observed those control cells. 
 
Figure 2.9: Stearoyl-CoA desaturase-1 inhibition induced phase separation. HeLa cells 
were cultured in DMEM media containing lipid stripped serum with or without 1uM MF438 
treatment for 24 hours. Scale bar: 20 µm. 
2.3.3 Phase separation leads to cell death 
It is well known that long-chain saturated fatty acids are toxic to cells and induce cell 
death, but the exact molecular mechanism is still not well understood. In the previous sections, it 
has been found that it is the long-chain saturated fatty acids but not short-chain saturated fatty 
acids nor unsaturated fatty acids that induce micron-sized phase separation on the ER membrane 
in cells. Since ER hosts many of the key biological functions in cells, it is reasonable to speculate 
that the large scale phase separation could interfere normal functions of ER and therefore 
correlates to cell death.  
To validate the hypothesis, various fatty acids were used to treat cells for different 
durations. Then the cell viability was characterized with the CTG assay and the survival 
percentage was quantified by normalizing the number of live cells after treatment to the 
untreated control groups.  
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Shown in Figure 2.10, the viability of cells correlates with chain length and saturation, as 
well as treatment duration. For example, when treated for 6 hours, the fatty acids with the longest 
chain length d-SA (C18:0, 400 µM), only less than 15% cells survived; for d-PA (C16:0, 400 
µM) treatment, ~50% cells survived; for fatty acids with shorter acyl chain d-LA (C14:0, 400 
µM) treatment, ~80% cells survived; and for the fatty acids with even shorter chain d-MA 
(C12:0, 400 µM) and monounsaturated fatty acid d-OA (C18:1 400 µM), the cell was not 
affected by the treatment and the viability was similar to that of the untreated control group.  
 
 Figure 2.10: Cell viability after fatty acids treatments. Error bars: ± standard deviation; 
n = 5 biological replicates. 
When examining the results together with Figure 2.7, it suggests that cell viability is 
strongly correlated with the tendency to form phase separation. For d-LA and d-OA treatments, 
no phase separation was found in cells, instead, these fatty acids induced elevated LD formation, 
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al., 2003). However, from d-LA to d-PA and d-SA, the tendency to form large phase separation 
domains is increasing and the toxicity is also increasing correlatively. 
2.3.4 Phase separation induces unfolded protein response 
Discussed in section 2.3.1, long-chain saturated fatty acids were found to induce large 
scale phase separations on the ER membrane in cells. It was also found that such phase 
separation behaviors were correlated with the Tm of the metabolites of those fatty acids, and 
strongly correlated to cell viability. As one vital organelle for biosynthesis and signaling 
regulation, ER not only hosts molecular machineries for metabolic activity, but also contains 
many key sensors of the signaling pathways. Among the signaling pathways hosted on ER, the 
unfolded protein response (UPR) is perhaps one of the most studied pathways, for it controls the 
fate decisions under ER stress (Chen and Brandizzi, 2013; Hetz, 2012; Walter and Ron, 2011).  
Several proteins have been identified as UPR sensors, among which inositol-requiring 
protein 1α (IRE1α) is perhaps the most studied one that transduces the information from ER to 
the cytosol and nucleus to restore ER homeostasis. IRE1α is an ER transmembrane protein that 
contains an ER luminal portion that senses the unfolded proteins and a cytosolic portion which is 
composed of three domains: a linker, a kinase domain, and an RNase domain. In the generally 
accepted mechanistic model, at normal state, binding-immunoglobulin protein (BiP), an Hsp70-
type chaperone, is bond to the luminal domain of IRE1α and prevents IRE1α from dimerization. 
When ER is imposed by low stress, BiP will disassociate from IRE1α and bind the unfolded 
proteins to help them refold. The dissociation also triggers the IRE1α monomers to form dimers, 
and then the kinase domains autophosphorylate each monomer and activate the RNase domains. 
The activated RNase domains then splice the mRNA encoding the unspliced X box-binding 
protein 1 (XBP1u) to produce an active transcription factor, spliced XBP1 (XBP1s), which 
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induces the expression of genes that are involved in protein folding in order to resolve the stress 
(Credle et al., 2005; Korennykh et al., 2008; Ron and Walter, 2007). However, at high ER stress 
loading where cells might not be able to resolve, IRE1α monomers will form oligomeric clusters 
whose RNase activity is greatly enhanced (Ghosh et al., 2014; Han et al., 2009). As a result, the 
RNase activity is not only restricted to splicing XBP1u but is also able to digest a large range of 
mRNAs, which is the early step to trigger apoptosis (Figure 2.11).  
 
Figure 2.11: A schematic representation of ER stress-sensing mechanism by IRE1α.  
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Many previous studies have reported that long chain saturated fatty acids can cause 
apoptosis, but the mechanism is not yet clear (Halbleib et al., 2017; Han and Kaufman, 2016; 
Karaskov et al., 2006; Kitai et al., 2013; Leamy et al., 2013; Özcan et al., 2004). Having shown 
that large scale phase separation happens on the ER membrane, I then examined if the phase 
separation will trigger UPR which might be at least part of the reasons that apoptosis happens. 
The splicing of XBP1 was used to examine if UPR was triggered. HeLa cells were treated 
with fatty acids of various chain length and saturation for different durations. 5 µg/ml 
tunicamycin (Tm) was used as a positive control to induce UPR. After the treatment, RNAs were 
extracted and reverse transcribed into cDNAs, which were then amplified by PCR. The PCR 
products were visualized and semi-quantified by electrophoresis (Figure 2.12). Depending on the 
annealing, three possible bands might be shown on the electrophoresis gel as sketched in Figure 
2.12 a, and the degree that XBP1 is spliced as roughly be quantified by dividing the intensity of 
the S band by the sum of the intensity of the H and N band. 
Shown in Figure 2.12 b and c, the positive control (Tm) indicates strong XBP1 splicing 
activity and negative untreated control (ctrl) indicates negligible splicing activity. As expected, 
long chain fatty acids treatments (d-PA and d-SA) show a high level of splicing in a duration 
dependent manner, while short chain fatty acid (d-LA) and monounsaturated fatty acid (d-OA) 
shows negligible XBP1 splicing. 
These results suggest that UPR is triggered by the treatment of long chain saturated fatty 
acids but not the short chain or unsaturated fatty acids. Given the resemblance of their structures 
and similar metabolic pathways, it is likely that phase separation on the ER membrane drives 
UPR. However, it has not been reported that these long chain saturated fatty acids can cause 
proteins to misfold or affect protein synthesis homeostasis, so it is then reasonable to hypothesize 
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that the phase separation on ER membranes directly triggers UPR without the involvement of 
unfolded proteins. I will discuss the possible mechanism in the following sections. 
 
Figure 2.12: UPR characterization by detection of XBP1 splicing. (a), schematic 
drawing of three possible annealing of XBP1 amplicon. (b), XBP1 splicing after various 
treatments. (c), semi-quantification of XBP1 splicing shown in (b). 
2.4 Effects of phase separation on membrane proteins 
ER is essentially the hub in cells for metabolic activities and signal transduction. Many of 
these functions are carried out by the ER membrane proteins and others rely on the connectivity 
of ER which is supported by the ER structural proteins, most of which are also ER membrane 
47 
 
proteins. For the vital role these ER membrane proteins have to maintain normal cell activities, 
several categories of ER membrane proteins were investigated in order to understand the effects 
of phase separation on these important membrane proteins.  
Three ER membrane proteins were examined under long chain saturated fatty acids 
treatments (Figure 2.13).  
SEC61β, which is a subunit of the protein complex Sec61 that makes up the core of the 
translocon, is a commonly used ER marker that contains an ER transmembrane domain and a 
cytosolic domain which loses its function when labeled with fluorescent protein tags.  
CKAP4, or Climp-63, is an ER structure protein that maintains the luminal width 
between the two opposing lipid bilayers. CKAP4 contains a cytosolic domain that can bind 
microtubules, an ER transmembrane domain that anchors the protein onto ER membrane. 
CKAP4 also has a luminal coiled coil domain which forms homo oligomeric complexes with not 
only the neighboring molecules but also CKAP4 molecules on the opposing luminal side. The 
strong interactions between the coiled coil domains and their relatively high stiffness make 
CKAP4 as ‘pillars’ that support the ER lumen. Mutation of the protein will cause ER luminal 
width to decrease (Shibata et al., 2010).  




Figure 2.13: ER membrane proteins investigated. 
To understand how ER phase separation affects these membrane proteins, deuterated long 
chain fatty acid d-PA was used to treat Cos-7 cells and phase separation was imaged by SRS 
microscopy. At the same time, these membrane proteins were also visualized either by 
fluorescent protein labeling (SEC61β-mCherry) or by immunostaining. 
2.4.1 Phase separation affects the normal distribution of a generic ER marker 
SEC61β 
SEC61β tagged with mCherry was first investigated. As shown in Figure 2.14, after 400 
µM d-PA treatment for 3 hours, phase separation on ER and SEC61β spatial distribution were 
revealed.  
Interestingly, there are three different modes of the spatial distribution of the solid 
domains and membrane protein with respect to each other. ROI1 in Figure 2.14 b represents the 
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undisturbed distribution of SEC61β without the formation of phase separation, where the 
membrane proteins were located on both sides of the ER cisternae. ROI2 in Figure 2.14 b shows 
that when phase separation formed on both sides of the ER cisternae, SEC61β only located on 
the edge of the solid domain surrounding it. ROI3 in Figure 2.14 b indicates another mode of 
SEC61β distribution with respect to ER membrane phase separation, where the solid domain 
only formed on one side of the ER cisternae. In these cases, the SEC61β density was only half of 
that of its normal distribution (ROI1). A line profile across the two modes shown in ROI2 and 
ROI3 (Figure 2.14 c) quantitatively reveals the anti-correlation of ER phase separation and ER 




Figure 2.14: Phase separation disturbs the distribution of SEC61β on ER. Cos-7 cells 
were treated with d-PA for 3 hours. Phase separation was visualized by SRS and SEC61β was 
visualized by fluorescence. (a), representative images of d-PA metabolites (left), SEC61β 
(middle), and composite view (right). (b), a zoomed-in view of the ROIs in (a) respectively. 
Images are in the same intensity scale and can be quantitatively compared. Three different 
models are sketched on the right. (c), line profiles across the line in (a). Quantized intensity 
distribution suggests the models shown in (b).  
These results are consistent with the in vitro experiment described in section 2.2 where 
organic dyes prefer not to partition in the solid domains. There may exist two reasons to explain 
such a phenomenon. First, since in the solid domains the phospholipids tend to fully extend their 
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hydrocarbon carbon chains and prefer dense packing, the Van der Waals interaction between 
phospholipids molecules might be stronger than that between phospholipids and membrane 
proteins, therefore it is thermodynamically favorable for phospholipids to form dense packing 
with phospholipids, excluding the membrane proteins. Second, because in solid domains, the 
phospholipids fully extend their acyl chains, the thickness is slightly greater than the thickness in 
the liquid phase. However, in normal conditions, ER membrane is in the liquid phase to maintain 
membrane fluidity, and the length of the evolved hydrophobic domains of ER membrane 
proteins is matched with the normal ER membrane thickness. In other words, the solid 
membrane is thicker than the hydrophobic transmembrane domains of the ER membrane proteins 
(Lin et al., 2006). So in the case of phase separation formation, the mismatched thickness will 
result in an exposed hydrophobic region of the thicker membrane to the aqueous environment if 
the membrane proteins partition into solid phase membrane, which is thermodynamically 
unfavorable. Termed as ‘hydrophobic mismatching’, this phenomenon has been observed in 
many cases, and is considered as one of the approaches that cells unitize to sort different 
membrane proteins into different organelles (Milovanovic et al., 2015). 
The schematic models in Figure 2.14 b show the three modes of the spatial distribution of 
an ER membrane protein SEC61β with respect to ER phase separation.  
It’s to be noted that since many ER membrane proteins share similar structures in their 
transmembrane regions, it is very likely that ER membrane protein exclusion shown with 
SEC61β due to hydrophobic mismatching can also happen for other ER membrane proteins, 




2.4.2 Phase separation sabotages the normal functions of the ER structural protein 
CKAP4 
ER is an interconnected system composing both sac-like structures and tubular structures. 
These unique structures are supported by a variety of ER structural proteins. CKAP4 (or Climp-
63) is one of these proteins that sustains the proper spacing between the opposing two membrane 
bilayers of ER, so that a constant ER luminal volume can be maintained. Previous studies have 
shown that a lower expression level of CKAP4 results in a decrease of luminal width and thus 
smaller luminal volume (Shibata et al., 2010). 
Given the importance of CKAP4 in maintaining ER normal structure, I then investigated 
how the phase separated would affect its functions. Cos-7 cells were first treated with 400 µM d-
PA for 3 hours, followed by immunofluorescence to reveal the CKAP4 spatial distribution. 
Represented in Figure 2.15 a, in the untreated control cells, CKAP4 located on ER 
membranes and showed both sac-like and tubular structures. However, in the cells treated with 
saturated fatty acid d-PA, the spatial distribution of CKAP4 was completely disturbed (Figure 
2.15 b). No sac-like or tubular structures were observed, instead, the immunostaining indicated 
that almost all CKAP4 formed aggregated clusters around the solid membrane domains but no 
CKAP4 partitioned in the solid phase, constant with the previous results of SEC61β. 
However, in the images where SEC61β was also visualized, the two proteins showed 
distinct behaviors (Figure 2.15 c). In the area where phase separation only happened on one side 
of the ER cisternae, SEC61β molecules could still anchor on the opposing side where no phase 
separation was formed, suggested by the partially decreased fluorescence signal intensity of 
SEC61β indicated by the arrows. But CKAP4 acted differently from SEC61β and molecules on 
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both sides still only located on the edge of the solid membrane domain even if there was a side 
free of phase separation.  
 
Figure 2.15: Phase separation disturbs the distribution of CKAP4 on ER. (a), normal 
CKAP4 distribution on ER membrane shows both sac-like and tubular structures. (b), phase 
separation on the ER membrane disrupts CKAP4 spatial distribution. No sac-like and 
tubular structures were observed, and almost all CKAP4 locates on the edge of the solid 
domains but no within. (c), different behaviors of CKAP4 and SEC61β with respect to phase 
separation. Arrows indicate phase separation only happened on one side of the ER cisternae. 
Scale bar: 10 µm. 
This unique behavior can be explained by the capability of CKAP4 to form homo 
oligomers with CKAP4 molecules on the opposing side (Sandoz and Goot, 2015). Even if only 
one side of the ER has phase separation and excludes CKAP4 molecules on that side to the 
periphery, due to the fact that these molecules are likely part of the oligomeric complexes formed 
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with molecules on the other side, they might ‘drag’ the whole complexes to the periphery of the 
solid membrane domains.  
The fact that phase separation on only one side of the ER cisternae suggests that CKAP4 
is more prone to functional loss, and as a result, ER cisternae might also lose its normal volume 
because no CKAP4 would be there to sustain it. To investigate this, a free-diffusing ER luminal 
protein ER-GFP was used to show luminal proteins are affected by the ER phase separation. 
The ER luminal protein ER-GFP was first transfected within Cos-7 cells, followed by 
400 µM d-PA treatment for 3 hours. Then ER-GFP and d-PA metabolites were visualized by 
correlative fluorescence and SRS microscopy.  
As a commonly used ER marker, in the untreated control cells, the ER-GFP showed both 
sac-like and tubular structures of normal ER (Figure 2.16 a). However, when cells were treated 
with saturated fatty acid d-PA and phase separation formed on the ER, the luminal protein ER-
GFP molecules in the sac-like structures were ’squeezed’ from the centers, leaving ‘holes’ in 
these structures (Figure 2.16 b).  
This observation supports the hypothesis that without the proper supports of CKAP4 
molecules, the ER luminal width, especially within the large sac-like structures, will decrease. 
Regardless if on both sides or only on one side of ER cisternae membrane, the collapse of 




Figure 2.16: Collapse of ER luminal space shown by ER luminal protein after the 
formation of phase separation. (a), the normal spatial distribution of ER-GFP in the untreated 
control Cos-7 cells. (b), the disturbed spatial distribution of ER-GFP in the untreated control 





The collapse of ER lumen was also confined by transmission electron microscopy 
(TEM). Shown in Figure 2.17, the average luminal width of d-PA treated cells was 27 ± 7 nm, 
much smaller than the normal luminal width of 62 ± 5 nm.  
 
Figure 2.17: Collapse of ER luminal space by TEM images of cells treated with 
saturated fatty acid. Arrows indicate collapsed ER lumen. The average luminal width of d-PA 
treated cells was 27 ± 7 nm, much smaller than the normal luminal width of 62 ± 5 nm. Scale 
bar: 500 nm. 
Normal ER is an organelle with interconnected tubules and sacs to host a large variety of 
enzymatic reactions and signal transaction activities. These activities highly depend on the 
connectivity between different regions in ER as well as between ER and other organelles in order 
for needed substrate or signaling molecules to be transported (English and Voeltz, 2013; Goyal 
and Blackstone, 2013). To further investigate how the collapsed ER lumen would affect its 
connectivity, fluorescence loss in photobleaching (FLIP) was carried out.  
Cells were first transfected with ER-GFP, then a small region in the cell was illuminated 
by intense laser light for 200s to bleach any ER-GFP present within that region. In the untreated 
control cells, since ER maintained its normal connectivity, ER-GFP molecules were able to 
freely diffuse in the entire ER system, the localized bleaching resulted in global photobleaching 
57 
 
(Figure 2.18 a). However after the cells were treated with 400 µM d-PA for 3 hours and phase 
separation formed on the ER membrane, FLIP resulted in a very localized fluorescence loss 
(Figure 2.18 b). The localized photo-bleaching suggests that ER-GFP, as well as other ER 
luminal proteins, were not able to freely diffuse within the entire ER system, but could only 
diffuse in a restricted region. The result indicates that indeed the formation of phase separation 
and consequent ER collapses will cause ER to lose its normal connectivity.  
  
Figure 2.18: ER connectivity loss due to collapsed ER. Fluorescence loss in 
photobleaching (FLIP) was performed by parking an intense laser beam at a localized area 
(shown by the green circles) and observing photobleaching of the entire cells. (a), FLIP in 
untreated control cells shows global fluorescence signal loss, indicating ER is interconnected 
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in all regions. (b), FLIP in cells treated with saturated acids shows a localized fluorescence 
intensity loss, suggesting ER partially loses its connectivity due to membrane phase 
separation. Scale bar: 20 µm. 
2.4.3 Phase separation directly activates the UPR sensor IRE1α 
IRE1α is a core sensor located on the ER membrane for UPR that mediates many of the 
responses cells have when facing stress such as high protein load. As previously shown, IRE1α is 
triggered to initiate UPR without the increase of misfiled protein load upon saturated fatty acid 
treatments.  
Figure 2.19 shows the schematic structure of the protein. Five major domains have been 
so far identified. The luminal domain is able to bind and unbind BiP in order to sense the 
unfolded protein accumulation; a hydrophobic domain that forms that transmembrane region; a 
linker that connects that transmembrane and the cytosolic domain; a kinase domain that 
processes autophosphorylation activity; and an RNase domain that upon activation can digest 
several mRNAs including the one encoding transcription factor XBP1 (Chen and Brandizzi, 
2013) . 
 
Figure 2.19: Schematic structure of the UPR sensor IRE1α. 
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Previous models of mechanism suggest that IRE1α can dimerize when the unfolded or 
misfolded proteins are present (Korennykh et al., 2008). The dimerization subsequently triggers 
autophosphorylation by the kinase domain, which activates the RNase domain. The activated 
RNase then specifically splices XBP1u mRNA in a way that causes a frameshift to generate the 
active form of XBP1s that encodes XBP1, a transcription factor that controls the expression of 
genes that can help cells to fold those misfolded proteins properly and help cells survive the 
stress.  
However, in recent years, another mode of IRE1α has been found that instead of pro-
survival, the UPR sensor triggers apoptosis by universally digest adjacent mRNA. This mode is 
found to be associated with the formation of higher order oligomers (Ghosh et al., 2014; Han et 
al., 2009). Once the oligomeric complexes are formed, the RNase activity will be greatly 
enhanced, even without autophosphorylation, and the enhanced RNase can digest a large range 
of mRNAs which is a signal for apoptosis. Such oligomerization is closely linked to the local 
concentration of the protein, and once it’s above the threshold oligomerization can happen 
spontaneously. 
Interestingly, the linker region of the IRE1α has been found to be the key to form 
oligomers, and deletion of the region will abolish its ability to oligomerization and to triggering 
apoptosis (Li et al., 2010). Since it has been observed many times in previous sections that phase 
separation will exclude ER membrane proteins to its edge and cause the membrane to aggregate, 
I then aimed to investigate if the distribution of IRE1α is also disturbed by it. 
HEK 293 cells stably expressing GFP tagged IRE1α was acquired. The cells were treated 




In the untreated control cells, IRE1α showed tubular structure, similar to other ER 
proteins (Figure 2.20 a). However, in the cells treated by d-PA whose metabolites formed phase 
separation on ER in the cells, IRE1α molecules, as expected, were excluded from and only 
located on the edge of these solid domains (Figure 2.20 b). It is worth noting that significant 
fluorescence increase was observed around the peripheries of the solid membrane domains, 
suggesting that the local concentration of IRE1α was increased. 
It is therefore likely that the increased local concentration will cause IRE1α to form 
oligomers, and then trigger the downstream signaling pathway to apoptosis (Volmer et al., 2013). 
Combined with results discussed in section 2.4.1 and 2.4.2, it indicates that phase separation on 





Figure 2.20: Phase separation on ER triggers IRE1α aggregation. (a), normal 
distribution of IRE1α in the control cells expressing IRE1α-GFP. (b), disturbed IRE1α 
distribution after saturated fatty acid treatment. The lower zoomed-in views show that IRE1α 
molecules are excluded from the solid membrane domains and high intensity fluorescence 
signals can be observed on the peripheries of the solid domains. 
2.5 Conclusion 
Long chain saturated fatty acids have long been found toxic to cells. Termed lipotoxicity, 
the exact molecular mechanism is yet fully understood. In this study, phase separation was found 
for the first time to form on the ER membrane when cells were treated with long chain saturated 
fatty acids due to their high transition temperatures. The lipotoxicity of fatty acids of various 
kinds was also found to correlate with their tendency to form phase separation. By using the 
combination of vibrational tag and SRS microscopy, it was also found that ER membrane 
proteins could not partition into the membrane domains with phase separation, which disturbed 
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the normal distribution of these key proteins to sustain normal ER functions. Functional assay in 
this study suggested that treatment of long chain saturated fatty acids and the consequent phase 
separation was to induce ER luminal collapse, and as a result, ER lost its interconnectivity. In 
addition, the phase separation was also found to directly induce UPR by forcing UPR sensor 
IRE1α aggregate, which ultimately led to apoptosis. 
Given the evidence accumulated in this study, a new molecular mechanism of 
lipotoxicity can be proposed as mentioned above to correlate the fatty acid induced phase 
separation and cell death. This new mechanistic model not only can explain the lipotoxicity of 
long chain fatty acids but can also explain the lack of toxicity of short chain fatty acids and 
unsaturated fatty acids, which is not included in previous mechanistic models. 
It is worth noting that the key to many of these findings is based on the advancement of 
techniques that allow for the visualization of lipid molecules. In fact, some of the phenomena 
have been discovered in earlier studies. For example, Haffar et al. found that BODIPY formed 
irregular distributions on ER (Haffar et al., 2015); Kitai et al. found IRE1α was also irregularly 
distributed in saturated fatty acid treated cell (Kitai et al., 2013); Volmer et al. found that 
membrane lipid saturation activated UPR (Volmer et al., 2013). But because they did not observe 
phase separation due to the lack of proper imaging tools, they unfortunately did not give 
satisfactory explanations. This example once again demonstrates the importance of technical 









CHAPTER 3:  
METABOLIC ACTIVITY PHENOTYPING OF SINGLE CELLS 
WITH MULTIPLEXED VIBRATIONAL PROBES3 
 
Quantitative measurements of metabolic activities of individual cells are essential to 
understand-ing questions in diverse fields in biology. To address this challenge, in this chapter, 
I’ll present a method, termed metabolic activity phenotyping (MAP), to probe metabolic fluxes 
by utilizing multiplexed vibra-tional metabolic probes. With specifically designed single-whole-
cell confocal micro-Raman spec-troscopy, quantitative measurement of lipid and protein 
synthesis activity was achieved with high throughput (several orders of magnitude improvement 
over commercial confocal system). In addition, metabolic heterogeneity upon various drug 
treatments was also revealed and evaluated at single-cell level. We further demonstrated that 
MAP was more robust than the label-free Raman method, and was able to make correct 
classification among diverse cancer types and breast cancer subtypes by exploring the dimension 
 
3 This chapter is adapted from: Zhao, Z., Chen, C., Xiong, H., Ji, J. & Min, W. Metabolic Activity Phenotyping of 




of metabolism. The capability of MAP to explore metabolic profiles at single-cell level makes it 
a valuable tool for basic single-cell studies as well as other screening applications. 
3.1 Introduction to metabolic activity phenotyping (MAP)  
Genetics and metabolism are two defining characteristics of life — it is the synthesis, 
transformation and degradation of biomolecules (i.e. metabolism) inside each cell that carry out 
the genetic blueprint. Hence, quantitative measurements of the metabolism of individual cells are 
essential to understand questions in diverse fields in biology and medicine (Dino Di and Luke, 
2006). In cancer biology, for example, it is well known that the metabolic profiles are altered in 
many cancer cells and serve as druggable targets (Zhao et al., 2013). Such altered metabolism 
can vary from cell to cell within tumor tissue. Termed as intratumoral heterogeneity, this chaotic 
nature of metabolism in individual cells can lead to heterogeneous tumor growth, invasion and 
drug resistance  (Robertson-Tessi et al., 2015). Therefore, the task of evaluating single-cell 
metabolism is becoming increasingly urgent, especially in the post-genomics era. Similar tasks 
are also demanded in drug discovery, particularly for those drug targeting metabolic pathways, 
as the rapid determination of the mechanisms of compound candidates greatly facilitates drug 
screening (Joanna et al., 2017; Yan et al., 2009). While recent development of multi-parameter 
profiling approaches has provided important insights into the mechanism of drug action, many of 
these analyses are not directly linked to the drug targets, limiting their interpretability (Lit-Hsin 
et al., 2007; Peter and Garry, 2006; Subinoy et al., 2015; Zachary et al., 2004). Therefore, a 
method that quantitatively provides insights into the metabolism of single cells is in demand. 
Among the available approaches, mass-spectrometry is widely used for metabolic 
profiling due to its capability of evaluating a large pool of metabolites at the same time. Yet, 
mass-spectrometry is rather challenging to resolve at single-cell level. Besides, mass-
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spectrometry is destructive, which makes it impossible to collect cells for additional downstream 
analysis. On the other hand, optical techniques are advantageous for their non-destructive nature, 
easy sample preparation, and high throughput capability (Anthony et al., 2013). Fluorescence-
based flow cytometry, for example, is routinely used for immune cell phenotyping, biomarker 
detection with great sensitivity and specificity. However, fluorescence methods have limited 
utility in reporting metabolism, as the fluorescent probes are too bulky to label small metabolites. 
On the other hand, label-free Raman microscopy relies on the physical and chemical properties 
of cells to generate information about cell phenotypes (Georgakoudi and Quinn, 2012; Joachim, 
2019). However, the physical and chemical information acquired by label-free Raman 
microscopy is difficult to interpret from a metabolism perspective, which often hinders 
mechanistic insights for fundamental understanding. 
Herein we propose a method to evaluate the metabolism in single mammalian cells by 
coupling multiple vibrational metabolic probes with high-throughput single-cell Raman 
spectroscopy, termed as metabolic activity phenotyping (MAP). Instrument-wise, we have 
constructed automatic whole-cell confocal micro-Raman spectrometer, which improves the 
throughput of single-cell metabolism measurement over commercial confocal scope by at least 
100 times. Probe-wise, MAP method takes advantage of the newly developed vibrational probes 
of various metabolic pathways. These probes are chemical analogs of their native counterparts 
and can be incorporated into all living cells without perturbing the biological activities. While 
they have been originally developed for vibrational imaging one probe at a time with subcellular 
resolution (Hiroyuki et al., 2012; Hiroyuki et al., 2011; Manen et al., 2008; Sijtsema et al., 1996; 
Zhao et al., 2017), MAP integrates multiple of them with different colors into a high-throughput 
platform of single-whole-cell Raman spectroscopy, for the first time to our knowledge.  
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For proof of concept purposes, we selected deuterium-labeled branched-chain amino 
acids (d-AA) and deuterium-labeled palmitic acid (d-PA) to probe the metabolic activity of 
protein synthesis and fatty acids metabolism (specifically fatty acid scavenging and 
esterification), whose metabolites take a large portion of cellular dry mass. By applying MAP, 
we demonstrated the measurement of metabolism at the single-cell level, and metabolic 
heterogeneity was also evaluated under various drug treatments. We also demonstrated that 
reproducible classification models could be achieved and they were more robust than label-free 
Raman methods against the dominating batch-to-batch variation. Additionally, we demonstrated 
the successful classification of cancer cell types and heterogeneous breast cancer subtypes. The 
capability of MAP to explore metabolic profiles at single-cell level makes it a valuable tool for 
basic single-cell studies as well as drug screening applications. 
3.2 Instrumental and chemical development to facilitate MAP 
3.2.1 Automatic whole-cell confocal micro-Raman spectrometer facilitates high-
throughput cell metabolism measurement 
There are several important considerations and modifications to our experimental 
strategy. A sufficiently large data set is usually necessary for any robust statistical models, and 
the major obstacle for large Raman spectra data set is the slow data acquisition procedure. The 
traditional Raman spectrum is collected in the confocal mode with a tightly focused laser beam 
to obtain high spatial resolution. Due to the weak Raman scattering cross-sections and the limit 
of laser power one can use before photodamage, the acquisition time of the individual Raman 
spectrum per pixel is usually around dozens of seconds or sometimes even minutes. Hence 
scanning the confocal focal spot over the entire cell volume (in order to avoid intracellular 
heterogeneity) would take a rather long time.  
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To tailor the technique suitable for high throughput cell phenotyping, we home-built an 
automatic whole-cell confocal micro-Raman spectrometer that was designed to optically 
integrate the signal over the entire cell without subcellular resolution. In order to improve the 
signal to noise ratio and to reduce cell-to-cell variance (Kim et al., 2009; Nicolas and Nicholas, 
2015), I intentionally expanded the illumination laser spot to ~8 µm so that the laser could 
roughly excite a whole mammalian cell (Iwan et al., 2016). This way the optical signal was 
already integrating over the entire cell, improving the speed of acquisition. To accommodate the 
large beam size, I used a relatively large pinhole (300 µm) for the quasi-confocal to reject as 
much background as possible without losing the signal. To reduce variance originated from 
intracellular inhomogeneity, I employed a ‘zig-zag’ mode using the motorized stage for those 
even larger cells (Figure 3.6). I also used a more powerful laser (300 mW) to illuminate the 
entire cell (the power density is still 10~20 times smaller than that in conventional confocal 
Raman). Finally, I used a 600 lines/mm grating for its lesser angular dispersion and more photon 
accumulation on each pixel in the CCD as the result to additionally boost the acquisition time 
(Iwan et al., 2018).  
In addition, I also developed a software package that utilized machine vision to 
automatically locate the cells and acquire data across the whole coverslip (section 3.2.1.2). 
Compared to other approaches such as the Raman flow cytometer, this method is of low cost and 
can be easily adopted in labs that may not have the expertise in microfluidics. As a result, the 
system can acquire spectra from at least 6000 cells (0.5 s acquisition time) in an hour in a fully 
automatic manner. 
By combining all the aspects above, not only could I improve the acquisition speed to 
make possible the high-throughput experiment, but I was also able to integrate the signal within a 
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single cell to measure the metabolism at single-cell level reliably without the need of scanning 
either laterally or axially. Quantitatively, I was able to increase the acquisition speed by at least 
100 times compared to the commercial confocal system whose applicable power was limited due 
to photodamage during slow acquisition (Figure 3.1). This comparison was made assuming only 
one spot in each cell was sampled, however, since in conventional confocal Raman, the laser 
spot size was around 300 nm, acquisition of multiple spots in one cell was required to avoid 
intracellular variance, so the improvement of throughput could have been even larger.   
 
Figure 3.1: Signal comparison between commercially available micro-Raman 
spectrometer and home-built whole-cell confocal micro-Raman spectrometer. (a), a typical 
spectrum of a mammalian cell taken with Horiba XploRA PLUS micro-Raman spectrometer 
at 1s acquisition time. (b), a typical spectrum of a mammalian cell taken with home-built 
whole-cell confocal micro-Raman spectrometer at 1s acquisition time. The signal to noise 
ratio (SNR) is at least 100 times greater than the spectrum taken with commercially available 
Raman spectrometer. (c), normalized spectra taken with home-built Raman spectrometer and 
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commercially available Raman spectrometer. To achieve same level of SNR, it usually takes 
more than 100 times longer exposure time with commercially available Raman spectrometer. 
Spectra with home-built Raman spectrometer were taken with 1s acquisition time; Spectra 
with commercial Raman spectrometer were taken with 120s acquisition time. Spectra of 10 
cells were averaged. 
3.2.1.1 Instrumental design 
The schematics of our home-built confocal Raman microscope is shown in Figure 3.2. I 
used a 532nm laser (Samba 532 nm, 400mW, Cobolt Inc.) as the light source. The laser beam 
was first collimated and expanded by the telescope lenses (L1, L2/L1’, L2’, Thorlabs). A half-
wave plate (HWP, Thorlabs) and polarizing beamsplitters (PBS, Thorlabs) were used to switch 
between the two beam expansion ratios (L1, L2 or L1’, L2’) to achieve two different 
illumination spot sizes. For this article, the objective was underfilled and the illumination spot 
had a diameter of ~8 µm as the result. The expanded beam was then directed to the inverted 
microscope (IX71, Olympus) installed with a dichroic beamsplitter (LPD1, LPD02-532RU-25, 
Semrock). The emitted Raman signal first passed a pinhole (PH, 300 µm, Thorlabs) for 
background suppression and was relayed by two lenses (L3, L4, Thorlabs) before being 
projected to the spectrometer (Kymera 328i with 600 lines/mm grating blazed at 500nm, Andor). 
A long-pass filter (LP, LP03-532RU-25, Semrock) was installed between the relay lenses to 
block laser light from Rayleigh scattering. Raman signal was then collected by an EMCCD 
(Newton970, Andor). For brightfield imaging, a long-pass dichroic (LPD2, FF511-Di01, 
Semrock) was installed in front of the pinhole and a set of relay lenses (L5, L6) were used to 
project the brightfield images to the CMOS camera (DCC1645C, Thorlabs). A short-pass filter 




Figure 3.2: Schematic drawing of the quasi-confocal micro-Raman spectrometer. 
L1~L6: lens; HWP: half-wave plate; PBS:  polarizing beamsplitter; LPD1, LPD2: longpass 
dichroic beamsplitter; TL: tube lens; SP: shortpass filter; LP: longpass filter; PH: pinhole; CL: 
cylindrical lens.  
This design enables a multi-modal excitation and detection mode. The optical path can be 
selected between L1-L2 path and L1’-L2’ path by turning the HWP. Unlike mechanically 
switching with a flip mirror, the use of HWP and PBS makes such selection optical and thus the 
setup is resistant against drift so that once aligned the illuminating spot will always hit the same 
position relative to the objective. Since the position of illuminating spot determines the position 
of the pinhole, the stability of the illuminating spot is critical for a hassle free setup.  
By switching between L1-L2 path and L1’-L2’ path, where two beam expansion factors 
are achieved, the illuminating spot size can be modulated. In L1-L2 path, laser beam is expanded 
with a greater factor by using L2 and L1 lens of a larger focal length ratio. The resulting fatter 
laser beam will overfill the objective and a diffraction limited illuminating spot size can be 
acquired. This is routinely employed in commercially available micro-Raman spectrometers. The 
diffraction limited laser spot only illuminates a small area and has the best spatial resolution and 
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should be used for scanning imaging mode (Figure 3.3 a). Vice versa, by unders-filling the 
objective with L1’ and L2’ lens whose focal length ratio is smaller, a larger illuminating spot 
size could be achieved. The relatively large illuminating spot makes it possible to excite the 
entire cell and greater SNR can be achieved if single-cell resolution is demanded (Figure 3.3 b). 
The sliding CL focuses the laser beam to the back focal plane of the objective in only one 
direction and when combined with L1’-L2’ path, generates a stretched elliptical illuminating 
pattern on the focal plane. This illuminating patter is ideal for ‘optically integrating’ a large area 
and has best performance for bulk measurement where spatial resolution is not desired (Figure 
3.3 c). 
 
Figure 3.3: Three illuminating patterns for different experimental scenarios.   
3.2.1.2 Software design 
For automatic cell recognition and localization in each field of view, machine vision was 
used to properly separate cells from the background and segment individual cells from cell 
clusters (Figure 3.4).  
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The image processing was carried out in the following order.  
1) A brightfield image was taken with proper exposure time.  
2) Then a gaussian smooth filter was applied to decrease the contrast within the cells to 
facilitate following steps.  
3) Edge detection filter was then applied to find the edge of the cells. 
4) Threshold was applied to convert the greyscale image to the binary image. 
5) Close object function was then used to make each cell a closed object. 
6) Fill holes function was then used to make each cell in the binary image a solid object. 
7) Convex hull function was then employed to make each cell a convex shaped object so 
that the find centers operation would not return centers that might be outside of the cells. 
8) Selection by size was then operated to remove possible debris or other objects that might 
not be cells. 
9) Remove objects on edges was then operated to remove cells that were partially on the 
edges. 




Figure 3.4: Cell identification and localization algorithm. Machine vision to find the 
coordinates of the location of cell.  
In order to automatically acquire spectra from cells, a brightfield image was taken and the 
cells in the images were identified and their locations were subsequently calculated (Figure 3.4). 
A motorized stage (HLD117, Prior) moved the sample slide so that the center of a cell aligned 
with the illumination spot, after which the spectrometer was triggered to acquire the spectrum. 
The procedure cycled until all cells within a field of view were taken. Background spectra were 
taken for the field of view for spectral background removal. The stage then moved to the next 
field of view and cycle through the procedures until the whole desired area was covered (Figure 





Figure 3.5: Workflow of automatic Raman spectral acquisition for single cells. 
To reduce variance originated from intracellular inhomogeneity, a ‘zig-zag’ mode was 
also employed using the motorized stage for those even larger cells (Figure 3.6). The moving 




Figure 3.6: ‘Zig-zag’ scanning mode to reduce variance for large cells. 
The complete manual of the software can be found in Appendix B. 
In addition to the controlling software, a data analysis package was also made on 
MATLAB platform. The package include many critical functions for data preprocessing and 
visualization and so on. I designed the data processing functions to be nondestructive, meaning 
users can always go back to any previous step without losing the information. The documents of 
the package can be found in Appendix C. 
3.2.2 MAP with vibrational metabolic probes. 
The differentiation of cells in the multicellular organisms is fundamentally regulated by 
gene expression patterns which ultimately leads to distinctive metabolism. We reason by probing 
the metabolic flux with MAP, these distinctive features can be reflected and used for robust cell 
phenotyping (Nicola et al., 2009; Uwe, 2006). Indeed, it has been recently demonstrated that 
heavy water labeling in microorganisms facilitated the classification of microbes (Berry et al., 
2015). However, heavy water incorporation is much slower for mammalian cells than in 
microorganisms. Hence different metabolic probes are needed.  
For the proof of concept purpose in this study, deuterated branch-chained amino acids 
and deuterated palmitic acid were supplemented to the cell culture media for 24 hours in order to 
probe the flux of protein and fatty acids metabolism (Figure 3.7). There were several 




Figure 3.7: Metabolic probes used in the study.  
 
First, protein and lipids were the major components of cell dry mass and their metabolism 
is tightly regulated.  
Second, Raman spectra of the metabolites of these two deuterated probes in cells were 
shifted to the cell silent region (2000 – 2300 cm-1), which allowed us to detect with high 
sensitivity in a background-free manner.  
Third, compared to non-branch-chained counterparts, we chose branch-chained amino 
acids for their narrower Raman spectra in order to have better spectral differences from that of 




Figure 3.8: Spectra of deuterated branched-chain amino acids, deuterated 
nonbranched-chain amino acids and deuterated palmitic acid metabolites in cells. 
Deuterated branched-chain amino acids (a) are spectrally more resolvable from deuterated 
palmitic acid compared to deuterated nonbranched-chain amino acids (b).  
It’s worth noting that even after the probes were incorporated into the cells, their spectra 
were distinctive. In addition, we did not observe significant changes of the Raman spectra of the 
pure d-AA/d-PA and their metabolites in the cells (Figure 3.9), which was consistent with 
previous studies (Shen et al., 2017; Wei et al., 2015b). This was likely attributed to the fact that 
the Raman probes were mainly used as building blocks of proteins and lipids, rather than being 
degraded to recycled, especially in rapidly growing cultured cells. Such phenomenon made the 
spectral decomposition possible and facilitated the reveal of the metabolic activity of protein 
synthesis and fatty acids metabolism respectively.  
 
Figure 3.9: Raman spectra of branched-chain d-AA solution and their metabolites in 
cells. The two spectra showed no significant difference, suggesting that d-AA were 
incorporated in cells mainly as building blocks in protein synthesis.  
With the high-throughput instrumentation efforts described above, I could acquire Raman 
spectra of these two types of probes as quickly as 0.5s for the entire cell with a satisfactory signal 




3.3 Spectra analysis with machine learning algorithms 
3.3.1 Preprocessing 
We followed well established preprocessing protocols to preprocess the raw spectra 
(Bocklitz et al., 2011; Lasch, 2012). 
Cosmic ray removal 
Cosmic rays are high energy particles from outer space. They may sometime hit the CCD 
and cause the pixels being hit charged and form a spike in the spectra. There’re several 
algorithmic methods to remove the unwanted spike in the spectra by the cosmic ray, but I found 
the easiest solution is to strategically orientate the CCD. Since Cosmic ray is from the outer 
space, most of them are traveling vertically with respect to the ground. However for many 
reasons, commercial Raman spectra usually place the CCD vertically to the cosmic ray, causing 
unwanted spikes appearing once every few minutes (Figure 3.10 a). So by placing the CCD chip 
parallel to the cosmic ray, more than 99% of the spikes in the spectra could be avoided (Figure 
3.10 b). 
 
Figure 3.10: Strategically orientating the CCD help avoiding unwanted spectral spikes 
caused by cosmic ray. 
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Calibration   
Prior to the preprocessing procedures, the spectra were calibrated by the spectra of 50/50 
(v/v) toluene/acetonitrile mixture taken on the same day according to ASTM E1840-96. 
 
Background removal  
The coverslips (made of borosilicate glass or quartz) substrate have several broad peaks 
around 1000 cm-1 in their Raman spectra and could interfere with the Raman peaks of the cell. 
Water also has its own strong Raman peak around 3430 cm-1 (O-H stretching), overlapping with 
the C-H stretching of the cell. Therefore, it is necessary to remove these ‘background’ peaks of 
the substrate and solvent in order to have cleaner Raman spectra from the cell. 
Several algorithmic methods can be used. Here, the quartz and water background were 
removed via an automatic algorithm that relies on interactive polynomial fitting (Beier and 
Berger, 2009). The background spectra were input to the algorithm for initial estimation. For the 
algorithm to work its best, it is preferable that background spectra should be taken for every field 
of view to avoid the influence of focal drift which could cause wrong background estimation, 
because the peaks of the substrate and of the solvent will scale differently at different focal 
plane. 





Figure 3.11: Background removal. 
Baseline correction  
In many occasions there would be some weak fluorescence background components in 
the Raman spectra which should be removed for a flat baseline. An iterative algorithm was used 
for baseline correction in this study (Mazet et al., 2005). 
 
Figure 3.12: Baseline correction. 
Normalization   
Third, the spectra were normalized to their amide peak.  
 
Figure 3.13: Spectral normalization. 
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Spectra trimming    
And lastly, the spectra were trimmed for subsequent analysis. The silent region (2000 – 
2300 cm-1) was used for MAP analysis and fingerprint region (600 – 1800 cm-1) for label-free 
analysis (Figure 3.14). 
 
Figure 3.14: Spectral trimming. 
 
3.3.2 The supervised machine learning model 
In brief, once the training datasets were obtained, principal component analysis (PCA) 
was applied, followed by linear discrimination analysis (LDA). The k-nearest neighbor (k-NN) 
classifiers were then built on the dimension reduced data. To obtain the classifiers prediction 
accuracy, PCA and LDA were first applied to the testing dataset, then the trained classifiers were 
used to predict the labels of the test data, which were then compared to their known true labels to 
calculate the accuracy. 
PCA has previously widely used to reduce noise and to improve statistical model 
robustness. By applying PCA to the training data, the training spectra were decomposed into 
multiple representations (scores and loading vectors) that capture as much of the information as 
possible. The number of components n was chosen in such a way that the accumulative variance 
explained was greater than 99%. Then the top n PCA scores were used as the input of LDA, 
which is a supervised algorithm that maximizes the distance between group means while 
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minimizing the variance within a group. LDA scores and projection vectors can be obtained by 
the algorithm, and LDA scores were further used for constructing k-NN clustering classifiers. To 
predict the test dataset, mean-centered spectra in the testing sets were first projected to PCA 
loading vectors obtained earlier in the training stage, and the PCA scores were further projected 
to training LDA projection vectors to obtain LDA scores for the testing sets. Then the dimension 
reduced data were input to the learned k-NN model to make the prediction. The model accuracies 
were then calculated by calculating the proportion of correctly predicted number of cells to the 
total number of cells. (Figure 3.15) 
 
Figure 3.15: Learning curves of various statistical models. First row, classifiers were 
built with consecutive application of LDA and KNN without PCA. Second row, classifiers 
were built with consecutive application of PCA and KNN without LDA. 
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3.3.3 Validation of prediction accuracy 
Label-free methods such as Raman-based vibrational microscopy rely on physical and 
chemical properties to generate information about cell phenotypes (Joachim, 2019) and usually 
don’t demand a priori knowledge of biomarkers. For this reason, label-free Raman spectroscopy 
has been extensively investigated and successfully demonstrated in many diagnostic applications 
(Christoph and Jürgen, 2015; Krafft et al., 2017; Stöckel et al., 2016). In the past decade, great 
efforts have been put into improving the hardware in order to increase the signal to noise ratio 
(Kiselev et al., 2016; Yizhi et al., 2016; Yuta et al., 2019), and into developing sophisticated 
statistical tools such as machine learning algorithms to achieve better diagnostic results (Jinchao 
et al., 2017). Yet challenges remain that hinder the prevalence of this powerful technique in 
broader applications. Among those challenges, to achieve a robust and reproducible detection 
and classification classifier model is the key.  
Commonly the performance of the statistical model is validated by cross-validation. 
However, such an approach may suffer from model overfitting due to data leakage if batch to 
batch variation is the major source of variation, because the training and testing datasets are still 
from the same data pool even when they are derived from multiple batches (Beleites et al., 2013; 
Pavillon et al., 2018).  To investigate this, we compared the model performance of three different 
data combination schemes (Figure 3.16 a~c) with label-free Raman spectroscopy. Three different 
cancer cell lines: A375, HeLa and MCF7 were used to train a model that is supposedly able to 
differentiate these three cell types. In this article, we refer a ‘batch’ of cells of a specific cell type 
to a dish of cells that are seeded on a particular day, and different ‘batches’ would mean that 
those cells were seeded on different days. Raman spectra of these batches of cells were put 
together to form the original data pool, from which an increasing number of samples were 
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randomly withdrawn to construct the training set, and 100 samples that were not in the training 
set were randomly selected. Then a classifier model was trained with the training set and 
assessment was evaluated by using the trained classifier to predict the testing set (see material 
and methods for details). The process was repeated 100 times to ensure statistical significance. 
To further validate the model, a random permutation test (Anderson, 2001) was carried 
out by firstly shuffling (permuting) the labels associated with each spectrum and then re-training 
the model using the shuffled dataset to make prediction in order to get the accuracy. Such a 
procedure was repeated 100,000 times to give the distribution of the accuracy under a null 
hypothesis. When the model from the real dataset is reasonable, the prediction accuracy from the 
‘false dataset’ is expected to be low.  
In scheme 1, only one batch of each cell type was used to form the original data pool, and 
the classifier was trained using randomly selected samples from the data pool (Figure 3.16 a). 
The learning curve shows that as the training sample size increases the model prediction 
accuracy also increases until it reaches the plateau when the sample size is large enough (~70 
cells) (Figure 3.16 d, blue line). At this point, the trained model has a high accuracy predicting 
the testing data (~98%). The permutation test shows that if the labels of the samples are 
randomly permuted, the model would fail to predict, ruling out the possibility of false positive 
(Anderson, 2001) (Figure 3.16 g). In scheme 2, at least 3 batches spanning months of each cell 
type were used to form the original data pool, from which the training and testing sets were 
randomly withdrawn (Figure 3.16 b, blue line). Similar to scheme 1, the model performance 
increases as the sample size grows. (Figure 3.16 e, blue line) However, the prediction accuracy 
reaches the plateau at ~150 cells, much later than it does in scheme1. Noticeable as well is that 
the best accuracy is still lower than that in scheme 1, hinting that more variation exists among 
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batches. Likewise, the permutation test validates the model to rule out false positive (Figure 3.16 
h). In scheme 3, the training set was randomly drawn from a data pool consisting of at least 3 
batches of cells. The testing set, however, was selected randomly from a different data pool 
consisting of batches of cells that were not in the training set. This scheme mimicked a real-life 
application scenario where a classification model was first trained with existing data and then 
used to identify the unseen samples. The learning curve for this scheme shows, however, as the 
training size increases, the model does not improve, and never reaches a plateau of high accuracy 
even when the training set consists of thousands of samples (Figure 3.16 f, blue line). Cross-




Figure 3.16: Classifier performance with three distinctive data combination schemes. 
(a~c) Three approaches for constructing the datasets. (d~f) Learning curves of the classifiers 
corresponding to scheme 1, 2, and 3 respectively. Blue lines, learning curves with label-free 
method; red lines, learning curves with MAP. Shaded areas represent standard deviation. 
(g~i) Histograms of random permutation tests for scheme 1,2 and 3 respectively. The model 
accuracy of the permuted ‘false dataset’ is much lower than the true dataset (blue dash lines, 
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label-free true accuracy; red dash lines, MAP true accuracy), rejecting the null hypothesis and 
confirming the high prediction accuracy from the true dataset is real.  
3.4 MAP offers direct metabolic activity measurements in single cells 
So far, the single-cell metabolic measurement remains a challenge. Commonly used 
methods such as mass spectrometry are difficult to reveal single-cell level heterogeneity (Steven 
and Lani, 2010). Label-free Raman microscopy, in principle, reveals the integrated chemical 
composition in single cells and therefore offers information about single-cell metabolism. 
However, due to the complex nature of the Raman spectra, it is usually difficult to assign each 
Raman peak in the fingerprint region to a specific chemical compound (Krafft et al., 2017). In 
addition, when dimension reduction approaches such as principal component analysis (PCA) are 
applied, which is a common practice for data analysis, the physical meanings of the dimension 
reduced data are further lost. On the other hand, since the metabolic probes we used in this study 
have distinctive spectra, it is straightforward to decompose the spectra in order to obtain the 
concentration information of each individual probe. Here we used the MCR-ALS method 
(Jaumot et al., 2015; Judith et al., 2015; Neymeyr et al., 2010) to decompose the composite 
spectra into the pure spectra of the two metabolic probes, and concentration profiles could 
thereby be obtained (see details in the previous section).  
To validate the basic ability to reveal metabolic activity, we first applied MAP to cultured 
cells treated with drugs that inhibited known metabolism. Five drugs were used as the reference: 
cycloheximide and blasticidin, both inhibited protein translation; Triacsin C was an inhibitor of 
long fatty acyl CoA synthetase; etoposide and cisplatin were DNA replication inhibitors. MAP 
probes and individual drugs were added to the seeded A375 cells and allowed to incubate for 24 
hours, after which the cells were fixed and Raman spectra were taken from each individual of the 
fixed single cells (see details in material and methods). At least 3 batches of each drug were 
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prepared to ensure model robustness and reproducibility. We then applied MCR-ALS on the 
Raman spectra taken with MAP, from which the concentration profiles of d-AA metabolites and 
d-PA metabolites in every single cell were calculated (Figure 3.17 a). 
Both cycloheximide and blasticidin showed a significant decrease of d-AA metabolites 
compared to the untreated group (Figure 3.17 a, red and orange), indicating that MAP indeed 
revealed protein synthesis activities. Similarly, cells treated with triacsin C showed a significant 
loss of d-PA metabolites compared to the untreated cells (Figure 3.17 a, green), indicating that 
MAP also revealed fatty acids metabolism activities. Combined, these interventions of metabolic 
inhibitor demonstrated the robustness and specificity of MAP in the high-throughput 
measurement of single-cell metabolism. To further validate the robustness of MAP, we applied 
hierarchical clustering analysis (HCA) on the averaged spectra taken with MAP (Figure 3.17 b). 
The results showed that similar metabolic inhibitors were successfully clustered into the same 
nodes, indicating metabolic inhibitors of distinctive mechanisms of action were distinguished 




Figure 3.17: Metabolic activity in cells treated with metabolic inhibitors measured by 
MAP. (a), The concentration profiles of d-PA metabolites and d-AA metabolites represent 
lipid and protein synthesis activity in cells. Black circles indicate averaged value from single 
cells and error bars indicate standard deviation within the group. Pcycloheximide,lipid 
<0.0001; Pblasticidin,lipid <0.0001; Ptriacsin C,lipid <0.0001; Petoposide,lipid =0.0002; 
Pfisplatin,lipid =0.1. Pcycloheximide,protein <0.0001; Pblasticidin,protein <0.0001; Ptriacsin 
C,protein <0.0001; Petoposide,protein <0.0001; Pfisplatin,protein <0.0001. (b), Dendrogram of 
5 drugs with various mechanisms of action. Drugs having similar acting mechanisms were 
clustered into the same node while all drugs were separated from the untreated control 
group, indicating that MAP was sensitive to metabolic changes.  
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3.5 MAP offers mechanistic insight into drug response in single cells 
Cell-based assays are becoming increasingly important in drug discovery and drug 
studies for their better reflection of the complexity of the entire living organism than target-
centric biochemical assays (Fishman and Porter, 2005). Due to the complex nature of cellular 
phenotypes, multiplexed measurements are needed to comprehensively study the mechanism of 
the drugs in order to facilitate drug discovery. In addition, because cells may respond to the drug 
treatment differently due to their heterogeneous nature, which would give rise to the drug 
resistance, single-cell resolution is also demanded to distinguish such heterogeneous responses to 
better understand the efficacy (Yan et al., 2009). In this regard, a technique that is able to probe 
multiple metabolic states of single cells is preferable.  
Having shown that MAP could reliably probe the metabolic activity in single cells, we 
then aimed to investigate if a metabolic inhibitor of a specific pathway would affect other 
pathways. Interestingly, although triacsin C specifically inhibited long fatty acyl CoA synthetase, 
it showed a decrease in protein synthesis activity. This was supportive of previous findings that 
suggest inhibition of fatty acids metabolism also led to inhibition of cell proliferation and thereby 
lowered protein synthesis activity (Tomoda et al., 1991). We also noticed that DNA replication 
inhibitors caused low protein synthesis activity (Figure 3.17 a, blue and cyan). This was 
consistent with previous findings that inhibition of DNA replication reduced H1 histone mRNAs 
(Baumbach et al., 1984), which was required for protein synthesis. These results reiterated the 
importance of multi-parameter measurement for a comprehensive view of drug response. 
Since MAP measured the metabolic activity in single cells, we next sought to 
demonstrate its potential in quantitatively characterizing single-cell metabolic heterogeneity. We 
calculated the coefficients of variation (Cv) of the single-cell d-PA metabolites and d-AA 
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metabolites distribution from the metabolic inhibitor-treated cells (Hai et al., 2019). The Cv value 
was a normalized measure of the dispersion of the single-cell metabolic activity distribution and 
thus it was used as a parameter to quantify the metabolic heterogeneity. Compared to the 
untreated control group, the treatment of cycloheximide and blasticidin did not alter the fatty 
acids metabolism activity distribution. Similarly, triacsin C did not change the metabolic 
heterogeneity in d-PA metabolites either, indicating a uniform efficacy of the drug. Etoposide 
and cisplatin, however, showed a significantly decreased fatty acids metabolism heterogeneity 
(Figure 3.18 a). On the other hand, the two protein synthesis inhibitors, as well as the DNA 
replication inhibitors, showed a significantly elevated heterogeneity in protein synthesis 
metabolism, indicating a heterogeneous treatment effect (Figure 3.18 b). Triacsin C, however, 
showed an unaltered Cv value compared to the control group. These results reaffirmed the 
heterogeneous responses of cells to the drug treatment and demonstrated the potential of MAP to 




Figure 3.18: Metabolic heterogeneity of fatty acids metabolism activity and protein 
synthesis activity respectively in response to metabolic inhibitors. Cv values for each drug 
treated group were calculated, at least 3 batches were used to ensure statistical significance. 
Error bars represent standard deviation, *** indicates p value <0.005. 
3.6 Metabolic heterogeneity in various cancer cell lines by MAP 
Having validated that MAP was capable to explore the metabolic activity and metabolic 
heterogeneity in drug-treated cells, we next aimed to apply MAP to measure the single-cell 
metabolism of commonly used cancer cell lines and breast cancer cell lines. We firstly used three 
different cancer cell lines: A375, HeLa and MCF7 that were respectively derived from skin 
cancer, cervical cancer, and breast cancer tissues. The lipid and protein synthesis activity of these 
three cell lines were measured with MAP. At least three batches of cells were used to ensure 
statistical significance (Figure 3.19 a). The results suggested while HeLa cells were more active 
in lipid metabolism, A375 cells had significantly higher activity in protein synthesis. We then 
calculated the coefficients of variation (Cv) of fatty acids metabolism and protein synthesis 
activity in these cell lines. A375 cells showed significantly higher fatty acids metabolism 
heterogeneity compared to HeLa and MCF7 cell lines (Figure 3.19 b). On the other hand, HeLa 




Figure 3.19: Metabolic activity and heterogeneity in human cancer cell lines measured 
by MAP. (a), The concentration profiles of d-PA metabolites and d-AA metabolites represent 
lipid and protein synthesis activity in cancer cell lines derived from different tissue. (b, c), 
Metabolic heterogeneity of fatty acids metabolism activity and protein synthesis activity 
respectively in various cell lines. Cv values for cell line were calculated, at least 3 batches 
were used to ensure statistical significance. Error bars represent standard deviation, ** 
indicates p value <0.05, *** indicates p value <0.005. A375 cells showed more chaotic fatty 
acids metabolism activity but less protein synthesis activity.  
Breast cancer is one of the most common malignant cancer among females. The 
heterogeneity of breast cancer has been well recognized, and each subtype has different 
prognosis and treatment response due to their unique gene expression profiles and subsequent 
metabolism. Therefore, in this study, we aimed to apply MAP to breast cancer cell lines to 
investigate their metabolism profiles. Three breast cancer cell lines were chosen for their clinical 
significance: MCF7, a luminal A subtype; ZR-75-1, a luminal B subtype, and MDA-MB-231, a 
Claudin-low subtype (Deborah and Valerie, 2011). Compared to the previously shown cells 
derived from different tissue, the breast cancer cell lines had similar lipid and protein metabolism 
levels (Figure 3.20 a). Nevertheless, among the three cell lines, ZR-75-1 cells showed the most 
abundant of d-PA metabolites, indicating an active fatty acids metabolism activity while MCF7 
cells had the least fatty acids metabolism activity. MDA-MB-231 cells had the most protein 
synthesis activity among the three cell lines, and MCF and ZR-75-1 had similar level of protein 
synthesis (Figure 3.20 a). These results suggested that the distinctive gene expression profiles in 
the breast cancer cell lines could lead to distinguishable metabolism. 
We then calculated the Cv values of lipid and protein synthesis in these cells to 
demonstrate their metabolic heterogeneity (Figure 3.20 c, d). We found that ZR-75 cells had the 
largest Cv value among the three cell lines, indicating a more chaotic nature of its metabolic 
heterogeneity. On the other hand, MDA-MB-231 had the least Cv value in protein synthesis 




Figure 3.20: Metabolic activity and heterogeneity in human breast cancer cell subtypes 
measured by MAP. (a), The concentration profiles of d-PA metabolites and d-AA metabolites 
represent lipid and protein synthesis activity in breast subtypes. (b, c), Metabolic 
heterogeneity of fatty acids metabolism activity and protein synthesis activity respectively in 
various cell lines. Cv values for cell line were calculated, at least 3 batches were used to 
ensure statistical significance. Error bars represent standard deviation, ** indicates p value 
<0.05, *** indicates p value <0.005. ZR-75-1 cells show more heterogeneous fatty acids 
metabolism activity while MDA-MB-231 cells show least protein synthesis heterogeneity.  
Overall, these results demonstrated the capability of MAP to exploring the metabolic 
profiles in single cells. Because the technique was intrinsically based on single cells, 
measurements such as metabolic heterogeneity could be easily obtained. We also found it was 
necessary to quantify multiple parameters at the same time in order to have a better 
understanding of the metabolic profile of a cell. In our measurement, for example, A375 cells 
had similar fatty acids metabolism activity but distinctive activity in protein synthesis compared 
to MCF7 cells. Likewise, the metabolic heterogeneity levels were different between the two cell 
lines in both lipid and protein metabolism. Such information could have been overlooked if only 
one parameter was measured. Since the probes we used in this study, as well as other Raman 
metabolic probes (Zhao et al., 2017), had sharp and distinguishable peaks, it would be beneficial 
to use these probes for simultaneous multi-parameter measurement. 
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3.7 MAP features are stable among batches and reliably discriminate cancer cells  
Label-free methods such as Raman-based vibrational microscopy rely on physical and 
chemical properties to generate information about cell phenotypes (Joachim, 2019) and usually 
don’t demand a priori knowledge of biomarkers. For this reason, label-free Raman spectroscopy 
has been extensively investigated and successfully demonstrated in many diagnostic applications 
(Christoph and Jürgen, 2015; Krafft et al., 2017; Stöckel et al., 2016). In the past decade, great 
efforts have been put into improving the hardware in order to increase the signal to noise ratio 
(Kiselev et al., 2016; Yizhi et al., 2016; Yuta et al., 2019), and into developing sophisticated 
statistical tools such as machine learning algorithms to achieve better diagnostic results (Jinchao 
et al., 2017). Yet challenges remain that hinder the prevalence of this powerful technique in 
broader applications. Among those challenges, to achieve a robust and reproducible detection 
and classification classifier model is the key.  
Having shown that MAP was able to reveal the metabolic profiles in individual single-
cells, we reasoned that the method might combine the merits of the label-free Raman approaches 
and label-based approaches. Compared to pure physicochemical measurement, metabolic 
activities could reflect gene expression levels of many enzymes and proteins in the complicated 
metabolic network in an integrated manner, thereby revealing valuable information about cell 
phenotypes. In this sense, we expected MAP to offer better sensitivity, reproducibility and 
interpretability than the conventional label-free Raman methods. 
To investigate this, we first compared the model performance of three different data 
combination schemes (Figure 3.21 a~c) with label-free Raman spectroscopy. Three different 
cancer cell lines: A375, HeLa and MCF7 were used to train a model that is supposedly able to 
differentiate these three cell types. In this article, we refer a ‘batch’ of cells of a specific cell type 
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to a dish of cells that were seeded on a particular day, and different ‘batches’ would mean that 
those cells were seeded on different days. Raman spectra of these batches of cells were put 
together to form the original data pool, from which an increasing number of samples were 
randomly withdrawn to construct the training set, and 100 samples that were not in the training 
set were randomly selected. Then a classifier model was trained with the training set and 
assessment was evaluated by using the trained classifier to predict the testing set. The process 
was repeated 100 times to ensure statistical significance. 
In short, we found when the training and testing data were from the same batches (Figure 
3.21 a~c, scheme1 and scheme2), the trained models had high prediction accuracy (>85%) 
(Figure 3.21 d, e). However, when the training and testing data were from distinct batches (Fig. 
S6 A~C, scheme3), the label-free Raman failed to correctly classify (accuracy<40%) the three 
cell lines (Figure 3.21 f). To further validate the observation, random permutation tests 
(Anderson, 2001) was carried out by firstly shuffling (permuting) the labels associated with each 
spectrum and then re-training the model using the shuffled dataset to make predictions in order 
to get the accuracy. Such a procedure was repeated 100,000 times to give the distribution of the 
accuracy under a null hypothesis. When the model from the real dataset was reasonable, the 
prediction accuracy from the ‘false dataset’ was expected to be low. Such permutation test also 
confirms that observation (Figure 3.21 f and h). 
These observations suggested that batch-to-batch variation was one of the major sources 
of variation for label-free methods. Data leakage happened when the training and testing datasets 
were derived from the same batches, which led to an overfitted model that might fail to predict 
the unseen samples. This was in agreement with the findings from the Popp group (Beleites et 
al., 2013), Smith group (Pavillon et al., 2018) and Fujita group (Germond et al., 2018).  We 
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reasoned that this might be due to the fact that very often the spectral differences between cell 
types to be differentiated were subtle, which was subject to unpredictable changes if the system 
and specimen conditions could not be precisely controlled.  
We then tested the MAP classifier model performance using the same data combination 
(Figure 3.21 a~c). In scheme 1 and 2, MAP classifiers performed comparably to label-free 
classifiers (Figure 3.21 d, e red lines). In scheme 3, however, while the learning curve showed 
that the label-free classifier model failed to classify the testing data, MAP classifier had a high 
accuracy (~85%) predicting the unseen data (Figure 3.21 f). Random permutation test also 
confirmed the result (Figure 3.21 g~i): the model accuracy of the permuted ‘false dataset’ was 
much lower than the true dataset, rejecting the null hypothesis and confirming the high 
prediction accuracy from the true dataset was real. It was worth noting that it required a much 
larger sample size (~300 cells) in scheme 3 to generate a stable classifier model, and the 
corresponding accuracy was lower than that of scheme 1, which was consistent with our 




Figure 3.21: Classifier performance with three distinctive data combination schemes. 
(a~c), Three approaches for constructing the datasets. (d~f), Learning curves of the classifiers 
corresponding to scheme 1, 2, and 3 respectively. Blue lines, learning curves with label-free 
method; red lines, learning curves with MAP. Shaded areas represent standard deviation. 
(g~i), Histograms of random permutation tests for scheme 1,2 and 3 respectively. The model 
accuracy of the permuted ‘false dataset’ is much lower than the true dataset (blue dash lines, 
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label-free true accuracy; red dash lines, MAP true accuracy), rejecting the null hypothesis and 
confirming the high prediction accuracy from the true dataset is real. plane.  
Figure 3.22 a and b visualize the acquired Raman spectra after dimension reduction from 
the training datasets and the testing datasets with scheme 3 (ntrain=1539; ntest=479). Both methods 
successfully clustered the training samples into three distinct clusters as shown in the shaded 
dots. But for the testing data sets, the label-free method failed to correctly predict the identities of 
the data points shown in solid crosses, none of which was overlapping to their corresponding 
training points properly. However, the testing data points with MAP showed obvious 
overlapping with the training data and three clusters were clearly separated correctly. It was 
evident that MAP was able to distinguish the three cancer cell lines. These results demonstrated 
that MAP enables more stable and robust classification models that provide reproducible 
predictions over batches.  
 
Figure 3.22: Discrimination of human cancer cell types. Measured Raman spectra after 
dimension reduction with principal component analysis (PCA) and linear discriminant 
analysis (LDA) are represented by the data points shown on the LDA1-LDA2 plane. Shaded 
dots represent training data, solid crosses represent testing data. (a), LDA plots with the 
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label-free method, which failed to prediction the testing dataset. (b), LDA plots with MAP 
method, clearly showing three distinct clusters for both training and testing dataset. It’s clear 
that only in MAP the testing data points have the same cluster as the training data, and 
therefore discrimination of cancer cell lines can be achieved. 
3.8 MAP is able to robustly discriminate breast cancer cell subtypes 
Inspired by the results discussed above, we next sought to examine the generality of 
MAP. Breast cancer is one of the most common malignant cancer among females, and current 
diagnostic methods are time-consuming and intrusive (Abigail et al., 2005). In addition, 
heterogeneity of breast cancer has been well recognized, and each subtype has different 
prognosis and treatment response. To address the screening challenge, vibrational spectroscopy 
has been extensively investigated for its non-intrusive nature (Abigail et al., 2005; Santosh 
Kumar et al., 2017; Talari et al., 2015). Yet in previous studies using vibrational spectroscopy, 
the heterogeneous subtypes of breast cancer were overlooked. Therefore, in this study, we used 
three breast cancer cell lines for their clinical significance whose distinctive metabolism profiles 
have been demonstrated: MCF7, a luminal A subtype; ZR-75-1, a luminal B subtype, and MDA-
MB-231, a Claudin-low subtype (Deborah and Valerie, 2011). Spectra of these cells were 
acquired using both the label-free and MAP methods for at least 4 batches of each cell type in 
order to examine batch-to-batch variation. 
As stated in the previous sections, we first generated the learning curves using the three 
different schemes. Akin to our previous results, good classifiers were acquired with scheme 1 
and 2 with both label-free and MAP approaches (Figure 3.23). Consistently, classifiers trained 
with scheme 1 had better accuracy than scheme 2, indicating the existence of batch-to-batch 
variation among these breast cancer cell lines. However, in scheme 3 which was a more real-
world application relevant, only with MAP could satisfactory classifiers be acquired (Figure 
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3.23). These results once again confirmed batch-to-batch variation and confirmed that MAP 
preserves cell type features more robustly among batches of breast cancer cell lines. 
 
Figure 3.23: Model performance and discrimination of three human breast cancer cell 
lines. (a~c), learning curves of classifiers corresponding to scheme 1, 2, and 3 respectively. 
Blue lines, learning curves with the label-free method; red lines, learning curves with MAP. 
Shaded areas indicate standard deviation. 
Figure 3.24 demonstrate the differentiation of the three human cancer cells and three 
breast cancer cell lines with scheme 3. Evidently, both the label-free method and MAP were able 
to separate the training dataset reliably, but only with MAP, the testing dataset was able to be 




Figure 3.24: Discrimination of human breast cancer cell types. Measured Raman 
spectra after dimension reduction with principal component analysis (PCA) and linear 
discriminant analysis (LDA) are represented by the data points shown on the LDA1-LDA2 
plane. Shaded dots represent training data, solid crosses represent testing data. (a), LDA 
plots with the label-free method, which failed to prediction the testing dataset. (b), LDA 
plots with MAP method, clearly showing three distinct clusters for both training and testing 
dataset. It’s clear that only in MAP the testing data points have the same cluster as the 
training data, and therefore discrimination of cancer cell lines can be achieved. 
3.9 Discussion 
MAP provides direct quantitative measurement of metabolic activities at the single-cell 
level. With vibrational probes, one can correlate the Raman spectra to the metabolism activities 
of individual cells so that the measurement of metabolism activities can be achieved. 
Furthermore, since the technique is at the single-cell level by nature, information such as cell 
heterogeneity is readily available. As demonstrated in the article, metabolic activities in each 
individual cell were measured, and the heterogeneity among each cell line or among each drug 
treatment was revealed. Coupled with the specifically designed automatic whole-cell confocal 
micro-Raman spectrometer, such measurement and analysis can be carried out in a high-
throughput manner (with at least 100 times improvement over the commercial confocal system).  
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Compared to the label-free methods, which detect the steady-state of crude chemical 
compositions within cells, MAP has much better performance. There might exist a deep reason 
underlying the good performance of MAP with vibrational metabolic probes. This technique 
probes metabolic activities that are regulated by the transcriptome, which is one of the 
fundamental characters of organisms. In addition, because the probes are only added for a short 
period of time (less than or similar to the doubling time of the cells in this study), MAP 
essentially detects the passage of these metabolites through reactions system over time – the 
metabolic flux, which is one of the most effective methods and has been used in a diversity of 
fields (Jens et al., 2010). Moreover, protein and lipid metabolism are among the most complexes 
processes in living organisms and are tightly regulated by a large variety of signaling pathways 
during different cell stages (Alan and Kahn, 2001; Yinan et al., 2014). Therefore, by probing 
these metabolisms, integrated information of many metabolic enzymes in the network is acquired 
about the cells.  
For proof of concept, we’ve used two categories of deuterium-labeled metabolic probes 
in this study. However, the possible metabolic probes are not limited to these two. Through the 
course of the past decade, numerous vibrational tags that serve as metabolic probes (such as 
propargylcholine and glucose) have been developed and demonstrated individually (Zhao et al., 
2017), many of which have distinctive spectral features that allow spectral decomposition. We 
anticipate that a more comprehensive metabolism profile can be understood if more of these 
probes are used simultaneously since richer information about the metabolic activities of diverse 
biochemical pathways can be revealed. Moreover, technological advances in instrumentation 
also could lead to faster acquisition and higher throughput. For example, coherent Raman 
processes such as stimulated Raman scattering coupled with flow-cytometry has been 
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demonstrated with superior acquisition speed recently (Kotaro et al., 2019; Yuta et al., 2019; 
Zhang et al., 2017). When using together with MAP, even higher throughput could be achieved 
for more accurate screening. Together, we envision that MAP will prevail and become a 








CHAPTER 4:  
ULTRA-BRIGHT RAMAN DOTS (RDOTS) FOR 
MULTIPLEXED OPTICAL IMAGING4 
 
Imaging the spatial distribution of biomolecules is at the core of modern biology. The 
development of fluorescence techniques has enabled researchers to investigate subcellular 
structures with nanometer precision. However, multiplexed imaging, i.e. observing complex 
biological networks, is the next big challenge, mainly limited by the fundamental ‘spectral 
crowding’ of fluorescent materials. Raman spectroscopy-based methods, on the other hand, have 
a much greater spectral resolution, but often lack the required sensitivity and specificity for 
practical biomarker-targeted imaging. In this chapter, I’ll present a series of ultra-bright Raman 
dots (Rdots) that exhibit the combined advantages of relatively compact sizes of 20-nm, largest 
scattering cross sections of organic-based Raman probes, high multiplexity (<3 nm spectral 
linewidth) and ease of preparation and bioconjugation. When coupled with the emerging 
stimulated Raman scattering (SRS) microscopy, these Rdots have sub-nanomolar detection 
sensitivity or even at single particle level. I demonstrated multiplexed immunostaining and 
 
4 Some contents in this chapter is adapted from the manuscript: Zhao, Z. et al. Ultra-bright Raman dots (Rdots) for 




imaging of specific protein targets in mammalian cells and tissue slices. In particular, the method 
provides arguably the best Raman-based imaging performance on cytoskeletal filaments (which 
is regarded as the gold standard of immunostaining). This new method thus offers a powerful 
tool and can be used for a large range of studies of complex biological networks. 
 
4.1 Introduction to multiplex imaging and the need for brighter imaging materials 
Imaging techniques are one of the essential methods in biological sciences. In particular, 
immunofluorescence microscopy (IFM), where fluorescent materials are coupled to affinity 
binders such as antibodies, is widely used to visualize the distribution of various biomarkers, 
including the ones that are sparsely distributed and have low local concentrations. Over the last 
two decades, optical advancements such as super-resolution microscopy have made IFM possible 
to resolve cellular structures with nanometer resolution (Gwosch et al., 2020; Huang et al., 2009; 
Schermelleh et al., 2019). At the same time, chemical advancements have led to the development 
of new fluorescent materials with superb photophysical properties, especially luminescent 
nanoparticles (Jin et al., 2018). These nanoparticles offer considerable advantages of brightness 
and photostability, and have been successfully demonstrated in biological studies. 
Biomarkers of any organism interact as part of the complex networks in space and time. 
A deeper understanding of the biological processes involving these biomarkers will then require 
to elucidate such complicated interactions. IFM has made tremendous contribution in studying 
individual biomarkers, however, multiplexed imaging of a large number of molecular targets 
remains as the next grand challenge in the post-genomics era where big data has already selected 
a vast number of biomarkers.  
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To address this challenge, some multiplexed IFM methods have been developed (Gerdes 
et al., 2013; Gut et al., 2018; Klevanski et al., 2020; Lin et al., 2018; Schubert et al., 2006; 
Wahlby et al., 2002). These methods involve repeated staining, imaging and fluorophore 
removal, which need to be carried out over multiple cycles in order to image multiple 
biomarkers. Such procedures take a prolonged time to finish the time-consuming multiple 
staining rounds, and face complications of imaging registration and sample degradation. The 
problem is rooted from the spectral crowding of fluorescence, so that only a few channels (4~5 
‘colors’) can be imaged simultaneously, limiting multiplex capacity to four at a time. 
On the other hand, Raman scattering based techniques circumvent the spectral crowding 
problem, thanks to the much narrower (~50 times) linewidth of vibrational modes than 
fluorescence spectra. In theory, it is possible to have over 100 simultaneous channels with the 
Raman approach. However, the Raman scattering cross section is generally 1010~1014 times 
smaller than that of fluorescence dyes, making it almost impractical for immunostaining with 
simple Raman probes. For this reason, various techniques have been developed to enhance the 
Raman signal. Stimulated Raman scattering microscopy (SRS), for example, utilizes stimulated 
scattering effect to accelerate vibrational activation rates by up to 108 times (Freudiger et al., 
2008). But the sensitivity under SRS alone is still not enough for immunostaining using common 
Raman probes.  
Other approaches of Raman signal amplification include surface enhanced Raman 
scattering (SERS) and Raman active polymers/nanoparticles. SERS depends on the localized 
surface plasmons generated by the hotspots on nanoparticles to enhance the Raman signal by as 
much as 1011, and has been used widely for biosensing (Stiles et al., 2008). However, for 
immuno-SERS, it generally takes a prolonged time to acquire SERS spectra for each pixel, and 
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the image resolution is low. In addition, SERS usually requires relatively large particle sizes 
(>40 nm) for enough signal enhancement, which makes it challenging to overcome the diffusion 
barrier of complex biological samples and thus limiting the accessibility of SERS particles to the 
biomarkers of interest. Most importantly, since SERS signal largely depends on the generation of 
hotspots, which is difficult to precisely control, immune-SERS has seldom achieved quantitative 
staining in practice (Artur et al., 2018; Wiercigroch et al., 2019; Zhang et al., 2018) 
Raman active polymer/nanoparticles take advantage of vibrational probes of large Raman 
scatter cross section such as alkyne, and incorporate a large number of these probes covalently 
into the polymer backbone to increase Raman signal (Hu et al., 2017; Jin et al., 2019; Tian et al., 
2020). However, the reported demonstrations suffer from the complication of chemical synthesis 
or surface modification, and as the result, it is challenging to create a large panel of materials 
with resolvable Raman spectra for multiplexed imaging purposes. It is also noticeable that these 
nanoparticles are usually large (50-100 nm), which makes diffusing into the cell a great 
challenge. As a result, practical immunostaining has not been demonstrated inside cells.  
In this chapter, I present a new set of Raman nanoparticles that are compact and ultra-
bright to address the challenges of multiplexed imaging of biomarkers in cells and tissues. I 
incorporated the newly developed Carbow dyes (Hu et al., 2018). and other molecules containing 
the alkyne or nitrile group into compact polymeric nanoparticles (20 nm) through simple 
swelling-diffusion approach to generate Raman dots (Rdots) (Figure 4.1). These Rdots have 
several advantages over the existing methods. First, due to tight hydrophobic stacking of Raman 
probes inside nanoparticles, Rdots are of great brightness (most sensitive among the organic-
based Raman probes reported so far, and better detection limit than SERS nanoparticles of the 
comparable size) even with relatively small size, and have detection limit down to pM scale, or 
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even single particle sensitivity. Second, it is a generalized method and can be used for many 
hydrophobic small molecules that have distinctive Raman peaks. Third, in contrast to inorganic 
nanoparticles, bioconjugation is straightforward for Rdots because of the abundant active sites on 
the surface of carrier polymeric nanoparticles. Fourth, the Raman signal is uniform across 
nanoparticles since the signal intensity does not depend on uncontrollable nanoparticle 
morphology, making the quantitative imaging possible. Last and most importantly, Rdots display 
the same Raman spectral features as the incorporated small molecules, which makes it ready to 
take full advantage of the well resolvable Raman peaks. With Rdots, I demonstrated and 
validated cytoskeleton immunostaining in mammalian cells using correlated fluorescence and 
SRS microscopy, and achieved quantitative multiplexed imaging for mammalian cells and tissue 
samples. The obtained performance on the gold standard cytoskeleton surpasses all reported 
Raman based imaging methods, to our best knowledge. Our results indicate that Rdots greatly 
increased sensitivity and multiplex capability, and have achieved the best results among Raman 





Figure 4.1: Schematic drawing of the preparation, bioconjugation, immunostaining 
and detection of Rdots. (a), preparation of Rdots by swelling and shrinking the polystyrene 
nanoparticle matrix. (b), bioconjugation of Rdots by NHS coupling chemistry. (c), 




4.2 A general method to prepare small multi-color Raman polymeric nanoparticles   
4.2.1 A few considerations for new Raman active materials 
As discussed in the previous section, a few considerations must be fulfilled for the new 
materials to serve as a good probe for imaging, in addition to the apparent need for greater 
brightness. 
First of all, for an ideal probe, the signal intensity of the material should be relatively 
homogeneous for quantitative imaging. In other words, the probe-to-probe variation should be 
minimal for an even signal distribution among probes molecules (or nanoparticles). This 
requirement would guarantee, at least for the probes per se, that imaging results are quantitative. 
SERS nanoparticles in this sense might not be good candidates for imaging, because SERS 
enhancement factors largely depend on the surface morphology, particle size, dye absorption, 
substrate material, and so on. Many of these properties are challenging to manipulate precisely, 
and as a result, particle-particle variation for SERS nanoparticles are significant. Although not 
suitable for imaging, SERS nanoparticles are still superb for sensing, since the large 
enhancement factor (1011) or even single particle sensitivity is critical for the detection of 
analytes in low concentration. 
The second consideration is the size of the labeling material, due to the difficulty of 
transporting large nanoparticles into the crowded macromolecular environments in biological 
samples. It has been previously shown that the interior of cells appeared as porous media with a 
throat size of ~20 nm (Baum et al., 2014). Imaging with quantum dots of various sizes also 
showed dramatic signal decrease as the hydrodynamic diameter increased (Howarth et al., 2008; 
Liu et al., 2018). Therefore, to develop an ideal probe, the hydrodynamic diameter should be 
around or smaller than 20 nm. This requirement also makes SERS nanoparticles a bad candidate 
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since only for the large SERS nanoparticles (usually larger than 40 nm) the enhancement factor 
is great enough to read out the signal practically.  
Thirdly, the synthesis or preparation of the material should preferably be straightforward 
and flexible to modify in order to accommodate the need for multiplexed imaging. It is therefore 
less favorable to adopt a specific chemistry that only generates one or only few kinds of 
materials, because in this case a large ‘color palette’ would require tremendous amount of work 
to invest in the chemistry development. For this reason, the newly developed Raman active 
polymers are not a good choice of multiplexing imaging material either. The chemistry of the 
Raman active polymers is only able to generate Raman probes of one color. 
The last consideration is the easiness of bioconjugation. Usually the probes discussed 
here are not binding the biomarkers of interest by themselves, but rely on the coupled affinity 
binders such as antibodies or oligonucleotides to recognize the biomarkers. It is therefore 
important that these affinity binders can be bioconjugated to the probes. For small molecules 
dyes, the task is relatively straightforward and the coupling can be achieved by the active groups 
such as maleimide, or N-hydroxysuccinimide to react with antibodies or other affinity binders. 
However, for nanomaterials, especially inorganic nanoparticles, the conjugation is not as 
effortless because these inorganic materials lack the functional groups to react with those 
binders. It is a common practice to coat a organic polymer layer around these inorganic 
nanoparticles to introduce the required functional groups, yet the complication often leads to 




4.2.2 Fluorescent nanoparticles based on soft organic materials 
In many applications, if not all, that involve imaging with fluorescent probes, a better 
sensitivity, i.e, a brighter emitter, is always desired. The higher brightness does not only boost 
the speed of imaging acquisition, but also improve the spatial-temporal resolution for a given 
detection limit. It is possible to increase the number of photons emitted by simply using higher 
excitation power, but photostability of the probes and the phototoxicity of the sample limits the 
power that can be used.  
Several types of fluorescent nanoparticles, therefore, were developed to address the need 
for brighter and more photostable materials. Among them are inorganic nanoparticles such as 
quantum dots (QDs), dye-doped silica nanoparticles, and upconverting nanoparticles, as well as 
organic nanoparticles such as polymer dots and dye-loaded polymer nanoparticles.  
Currently the inorganic nanoparticles especially quantum dots are dominating the field. 
Although being widely used, quantum dots suffer from the lack of flexibility — the optical 
properties of QDs are mechanistically determined by their core structure and material, which 
limits the tunability of their brightness and the fluorescence spectra. Surface chemistry and 
biocompatibility are also issues for QDs and other inorganic nanoparticles such as upconverting 
nanoparticles. An additional biocompatible shell is thus required to make them 
biofunctionalizable and reduce long-term toxicity.  
Given these drawbacks of inorganic nanoparticles, in recent years, nanoparticles based on 
soft organic materials are gaining momentum in biological applications. Notably, two strategies 
have been adopted for the synthesis of organic fluorescent nanoparticles: direct assembly of 
small organic dyes into nanoparticles (Fery-Forgues, 2013)and encapsulation of dyes within 
polymer nanoparticles (Texier et al., 2009). Similar to inorganic nanoparticles, the former 
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strategy, however, also suffers from the lack of flexibility due to the complication of chemistry 
to covalently connect the dye molecules into fluorescent polymers. Therefore the latter strategy 
offers an alternative approach that utilizes the already existing and optimized fluorescent dyes 
and encapsulates a large number of them into the nanoparticle matrix made of well studied 
polymers. This approach is advantageous because it exploits the advancement of organic dyes of 
decades and therefore has enormous flexibility to tune the optical properties such as brightness 
and spectral features.  
Recent development of these dye-loaded polymer nanoparticles has shown the possibility 
of ultra-brightness by encapsulating a great number of dyes. It has been demonstrated that more 
than 40% dye loading efficiency can be achieved by this method and nanoparticles that are 
brighter than QDs can be prepared as a result (e.g., ε >107 M−1 cm−1, more than 100 dyes per 
particle) (Reisch and Klymchenko, 2016). However, one of the most significant issues that this 
method encounter is the aggregation caused quenching (ACQ). Most of the fluorescent dyes 
contain flat aromatic structures that favor pi-stacking, and when the local concentration is high 
due to the high loadings, fast excitation energy transfer (EET) because of the small inter-
molecular distances is significantly enhanced. These effects strongly decrease the quantum yield 
of dye-loaded polymer nanoparticles. Approaches such as attaching bulky side chains to the 
fluorophores and introducing bulky counter ions to increase the inter-fluorophore distance have 
been thereby developed to mitigate the ACQ effects (Reisch et al., 2014). Paradoxically, these 




4.2.3 Preparation of Rdots with Raman dye-loaded polymer nanoparticles 
4.2.3.1 Preparation of Rdots by an ex situ swelling-diffusion method using Carbow 
dyes 
My goal was to develop a general non-covalent method to avoid the complication of 
synthesizing Raman active polymers and to facilitate a multiplexed imaging platform. It was 
noticeable that in contrast to fluorescence dyes, which suffers severe self-quenching due to 
intermolecular energy transfer when the local concentration is high, Raman intensity usually 
observes linear dependence on concentration. Hence, it is possible to increase the local density of 
Raman probes in the sub-20nm scale to enhance the signal. This unique feature of Raman probes 
makes it plausible to generate Raman dye-loaded polymer nanoparticles that encapsulate a large 
amount of Raman probes in a nanoparticle to harvest the high ‘Raman brightness’. 
There are several techniques to prepare such dye-loaded polymer nanoparticles, including 
both in situ and ex situ methods. In situ approaches such as emulsion polymerization encapsulate 
dye molecules during the synthesis of the nanoparticles. Ex situ such as welling-diffusion 
methods incorporate dyes into the preformed nanoparticle (Lee et al., 2011; Lee et al., 2003; 
Reisch et al., 2014). The in situ approaches, as discussed in the previous section, are more 
complicated compared to the ex situ methods due to simultaneous reaction and phase separation. 
In contrast, ex situ methods only depend on various intermolecular interactions between the dye 
molecules and polymeric nanoparticle matrix such as electrostatic and hydrophobic interactions 
to stably trap the dye in the nanoparticles. 
Because of the easiness and flexibility, I chose to adopt and optimize the swelling-
diffusion approach to entrap a large number of Raman probes into small nanoparticles. In this 
approach, water-immiscible organic solvents such as tetrahydrofuran (THF) are first mixed with 
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the preformed polymeric nanoparticles dispersed in aqueous solution, which induce 
nanoparticles to swell. Then the dye is added and will diffuse to enter the nanoparticles due to 
strong intermolecular interactions. Lastly, the organic solvent is removed by evaporation or 
addition of excessive aqueous solution to shrink the nanoparticles and trap the dyes inside.  
Since most of the Raman probes are hydrophobic, and contain aromatic structure, I chose 
commercially available 20 nm polystyrene (PS) nanoparticles for their hydrophobicity and 
potentially strong pi-stacking capability to have optimal interactions between Raman probes and 
nanoparticles matrix. After the addition of THF, PS nanoparticles were swelled so that Raman 
probes could diffuse into the PS nanoparticle matrix. Then excessive amount of aqueous solution 
was added to shrink the nanoparticles back to the original size and trap the Raman probes inside 
(Figure 4.2). 
It is worth noting that the PS nanoparticles I used are made by copolymerizing carboxylic 
acid containing polymers. As the result, these nanoparticles contain abundant negatively charged 





Figure 4.2: The swell-diffusion method to prepare Rdots. PS nanoparticles were first 
swelled by THF, followed by the diffusion of Raman probes such as Carbow dyes, and 
addition of excessive water to shrink back the nanoparticles and trap the Raman probes 
inside. PS nanoparticles were chosen due to the hydrophobic matrix and potentially strong 
pi-stacking interaction with the Raman probes. 
 
4.2.3.2 Characterization of Rdots  
Six recently developed Carbow probes (Hu et al., 2018). were chosen to demonstrate for 
their large Raman cross sections (Figure 4.3). All the six Carbow probes were successfully 
incorporated into PS nanoparticles to generate a series of Rdots (named as Rdots2220, 
Rdots2195, Rdots2177, Rdots2154, Rdots2134 and Rdots2093). As shown in Figure 4.3, these 




Figure 4.3: Spontaneous Raman spectra of six Rdots.  
Spontaneous Raman spectra of these Rdots were acquired and compared with free 
Carbow probes dissolved in DMSO (Figure 4.4). Negligible spectral shift or broadening of 
Carbow probes was observed when they were incorporated inside Rdots. Such a feature is 
advantageous because one only needs to develop and synthesize new small-molecule Raman 
probes and can maintain their spectral characteristics when using them to generate new kinds of 
Rdots. This makes it much easier to expand the ‘color palette’.  
The only exception is 5-yne, for which the Raman frequency was red-shifted by 6 cm-1 
(Figure 4.4 f). No spectral broadening was observed either. This Raman frequency shift is likely 
due to the polarity of the local environment. It was shown in previous studies that the local 
polarity could affect the Raman shift of alkyne group (Yamakoshi et al., 2012a). Compared to 
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DMSO, a relatively polar solvent used for dissolving free 5-yne dye, the polystyrene matrix is 
non-polar, and the entrapped 5-yne dye thus shifted its Raman shift due to this non-polar local 
environment.  
 
Figure 4.4: Spontaneous Raman spectra of Rdots and their corresponding Carbow 
dyes. The Raman spectra were acquired for Rdots and free Carbow dyes dissolved in DMSO 
respectively. Most Rdots did not show spectral difference. For 5-yne (f), a redshift around 6 
cm-1 was observed, but not the spectral broadening. This is likely due to the polarity of the 
local environment. DMSO is more polar than other solvents such as toluene which should 
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have similar polarity as the PS nanoparticle matrix. It was known that for some molecules, 
the alkyne vibration frequency can be red shifted by polar solvent such as DMSO. 
It is possible that the Raman probes might leak from the PS nanoparticle matrix since 
they interact only non-covalently. For this reason, I then tested the stability of Rdots in aqueous 
solution. I did not observe any significant signal loss after 5 months since they were prepared, 
indicating no leakage of Raman dyes from the nanoparticles (Figure 4.5). This is consistent with 
the fact that both the PS nanoparticle matrix and Raman probes are hydrophobic, and it is 
thermodynamically favorable that they minimize any coSntact with the aqueous solutions. The 
strong pi-stacking interaction is likely to play an important role to trap the Raman probes in PS 
nanoparticles, as both the polymer matrix and the Raman probes contains aromatic structure. 
 
Figure 4.5: Stability of Rdots. The intensities of three kinds of Rdots were measured 
when they were made and when after 5 months  storage in aqueous solution. No signal 
decrease was observed compared to fleshly made Rdots. Error bars indicate s.d, n = 3. 
Spontaneous Raman intensities were normalized to Rdots concentration. 
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Hydrodynamic diameters were also measured by dynamic light scattering (DLS) to 
investigate if the swelling-diffusion approach had changed the size of the nanoparticles. The size 
of the Rdots were measured before and after the procedure, and as shown in (Figure 4.6), the 
incorporation of Raman probes did not change the hydrodynamic diameter of Rdots. The 
resulting Rdots were around 20 nm in diameter, making them one of the smallest nanoparticles 
used for Raman imaging. As discussed in section 4.2.1, the crowding environment of biological 
samples imposes diffusion barriers to use large nanoparticles for imaging, it is then beneficial 
that Rdots are only 20 nm in size.  
 
Figure 4.6: Hydrodynamic diameter of Rdots before and after the swelling-diffusion 
procedure. No size change was observed due to the incorporation of Raman probes.  
4.2.3.3 Preparation of Rdots with other Raman probes 
Although only 6 kinds of Rdots were prepared with 6 Carbows, it was also possible to 
incorporate other Carbow molecules. Carbon-13 isotope substituted Carbows have the same 
chemical properties as the carbon-12 version, which makes it apparent that these isotope 
substituted molecules can be readily made into Rdots without any further modifications. Thus the 
full panel of 20 Carbow dyes could all be used, making it possible to generate more than 20 
kinds of Rdots with fully resolvable Raman spectra.  
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The successful entrapment of Carbow dyes depends on the strong intermolecular 
interactions between the dye and polystyrene matrix. Given that Carbow and polystyrene matrix 
are hydrophobic and contain aromatic structure, it is likely that hydrophobic interaction and pi-
stacking both contribute to the strong interaction.  
Other Raman probes also share the similar molecular structure that will potentially have 
strong hydrophobic and pi-stacking interactions. It is therefore possible to entrap these probes in 
Rdots to additionally expand the color palette. I then tested 19 common Raman probes 
containing alkyne or nitrile moieties (Yamakoshi et al., 2012a), and all of these compounds were 
successfully incorporated into PS nanoparticles. No spectral broadening or significant shift was 
observed either. Table 4.1 summarizes all the compounds used in this study. Figure 4.7 
summarizes the Raman shifts and concentration-normalized signal intensity of all the Rdots 
prepared in this study.  
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4.2.3.4 Protocols to encapsulate Raman probes in polystyrene nanoparticles 
1) In a 5ml tube, 320 µl 4% w/v polystyrene nanoparticles (Invitrogen, C37231) and 320 µl 
RO water were mixed.  
2) In another 1.5 ml tube, 40 µl 20x Carbow dye DMSO stock solution and 120 µl THF 
(Sigma, 401757) were mixed.  
3) Then the THF/dye mixture was added drop by drop to the diluted nanoparticles to swell 
the nanoparticles and incorporate the dyes, followed by brief vortexing and gentle 











4) Next, 3 ml 20 mM phosphate buffer (pH 7.3) was slowly added to shrink and trap the 
dyes in the nanoparticles.  
5) The mixture was then centrifuged at max speed for 2 min to remove any insoluble 
materials, and the supernatant was collected to yield monodispersive Rdots.  
6) The Rdots were washed 3 times using Amicon 30kDa MWCO filters (Millipore, 
UFC9030) with at least 10 ml RO water each to remove excessive organic solvents, and 
reduced the volume of nanoparticle colloidal suspension to ~300 µl.  
7) An optional centrifuge at 16,000x g was performed to remove any precipitates.  
8) The exact concentration was determined by quantitatively measuring the 3054 cm-1 
Raman peak against the stock polystyrene nanoparticle solution with known 
concentration. 
For the characterization of Rdots, spontaneous Raman spectra were acquired with a 
Horiba XploRA microspectrometer or a home-built Raman microspectrometer. The 
spectrometers were carefully calibrated with 50/50 (v/v) toluene/acetonitrile according to ASTM 
E1840-96. For DLS measurement, ~0.01% (w/v) nanoparticles were suspended in 10mM pH7.0 
phosphate buffer. 
 
4.3 Rdots are the brightest organic based Raman probes 
4.3.1 Dense volumetric packing of Raman probes enables ultra-high Raman 
brightness of Rdots 
The relative Raman intensity versus EdU values (RIE), which were commonly used for 
quantifying the ‘brightness’ of Raman probes, were acquired for all Rdots (Figure 4.7). The 
results indicate most of the Rdots have RIE over 104, making them the brightest organic based 
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Raman probes so far. Rdots are also nearly four times brighter than the recently reported ultra-
strong Raman active polymer PDDA (Tian et al., 2020) (Figure 4.7), even though PDDA takes 
advantage of the resonance Raman effect in the visible range (which was not compatible with the 
standard SRS in the near infrared).  
I then tried to seek for the structural insight, and I estimated the number of Raman probes 
per nanoparticle. Two independent methods of calculations were carried out and both of them 
yielded similar results. The number varies for different Raman probes, but in general the doping 
efficiency was surprisingly high (Table 4.2). For example, more than 2.7 ×103 Carbow 2-yne 
molecules were incorporated per 20 nm Rdots2220, which led to a local concentration of 
approximately 1.2M. At such a high local concentration, the average intermolecular distance 
between Raman probe molecules is less than 1nm. In contrast to fluorescence probes, which will 
be self-quenched at such short intermolecular distance, the Raman intensity still observes linear 
dependence on concentration, and does not suffer from any signal loss. Such a high local 
concentration is likely a result of strong intermolecular interactions between Raman probe 
molecules and the polymer matrix so that the probes prefer to partition into the polystyrene phase 
in the water-polystyrene-THF ternary system (Lee et al., 2003). This makes sense because both 
the polymer and the Raman probes are hydrophobic and contain aromatic structures, which 
enables hydrophobic interaction and pi-pi-stacking that might contribute to the strong 
intermolecular interaction. Due to the intermolecular interaction, the Raman probes are able to 
form dense volumetric packing inside the nanoparticles and manifest ultra-high brightness in 
Rdots.  
I then estimated the SRS cross section of each Rdots (Figure 4.7 and Table 4.2), by 
quantitatively comparing its molar intensity with that of methanol whose SRS cross section was 
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reported. The SRS cross section of Rdots2220, for instance, was estimated ~5×10-16 cm2, more 
than 40 times larger than currently the best organic Raman dyes (MARS), and a value similar to 




Figure 4.7: Summary of Rdots and their corresponding small molecule Raman probes. 
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Table 4.2: Summary of properties of Raman probes and Rdots in the study. 
 
Compound RIE                            (of probes) 




# of probes 
per NP* 
1 4-formylbenzonitrile 0.13 9.4E+02 5.6E-18 7.1E+03 
2 4-acetylbenzonitrile 0.17 1.9E+03 1.1E-17 1.1E+04 
3 4-4-biphenyldicarbonitrile 0.48 7.4E+02 4.4E-18 1.5E+03 
4 4-(3-hydroxyphenyl)benzonitrile 0.20 1.5E+03 9.2E-18 7.8E+03 
5 benzonitrile 0.09 2.1E+03 1.2E-17 2.2E+04 
6 4-(Hexyloxy)-4-biphenylcarbonitrile 0.32 7.3E+03 4.4E-17 2.3E+04 
7 4-proproxy-biphenyl-4-carbonitrile 0.33 8.2E+03 4.9E-17 2.5E+04 
8 4-(bromoethynyl)-1,1'-biphenyl 1.57 1.3E+04 7.8E-17 8.3E+03 
9 1-phenyl-2-(trimethylsilyl)acetylene 1.13 1.9E+04 1.1E-16 1.7E+04 
10 4,4'-bis((trimethylsilyl)ethynyl)-1,1'-
biphenyl 
4.41 1.2E+04 7.5E-17 2.8E+03 
11 2-trimethylsilyl-ethynyl-9H-fluorene 1.08 2.4E+04 1.5E-16 2.2E+04 
12 2,7-bis((trimethylsilyl)ethynyl)-9H-
fluorene 
4.46 1.6E+04 9.8E-17 3.7E+03 
13 phenylacetylene 0.49 4.2E+03 2.5E-17 8.5E+03 
14 4-ethynylbenzaldehyde 1.03 3.1E+03 1.9E-17 3.1E+03 
15 4-ethynylbiphenyl 1.03 9.4E+03 5.7E-17 9.2E+03 
16 2-ethynyl-naphthalene 0.78 1.3E+04 7.9E-17 1.7E+04 
17 2-ethynyltoluene 0.59 1.1E+04 6.6E-17 1.9E+04 
18 2,6-diethynylnaphthalene 2.25 6.0E+03 3.6E-17 2.7E+03 
19 1,2-bis(phenylthio)ethyne FL 5.9E+03 3.5E-17 N/A 
20 Carbow 2-yne 30 8.1E+04 4.9E-16 2.7E+03 
21 Carbow 2-yne-13C same as 20 same as 20 same as 20 same as 20 
22 Carbow 3-yne 92 4.2E+04 2.5E-16 4.5E+02 
23 Carbow 3-yne-13C same as 22 same as 22 same as 22 same as 22 
24 Carbow 4-yne 200 5.9E+04 3.5E-16 2.9E+02 
25 Carbow 5-yne 380 3.1E+04 1.9E-16 8.3E+01 




4.3.2 Sub-nM SRS detection limit of Rdots 
Encouraged by the great RIE value and SRS cross sections, I next sought to characterize 
the detection limit using the emerging SRS microscopy. High sensitivity and specificity were 
achieved with a pico-second pulse laser in our SRS system. A linear relationship between the 
SRS signal and the concentration of Rdots was observed (Figure 4.8). The shot-noise limited 
detection limit was estimated (Hu et al., 2019). (Figure 4.8 sub-panel, red dash line), which was 
defined when the signal to noise ratio (SNR) was equal to 1. Based on the sensitivity of our 
imaging platform, the detection limit of Rdots was estimated to be 900pM. Indeed, this is nearly 
two to three orders of magnitude more sensitive than those from previously reported Raman 
probes (Hu et al., 2018; Wei et al., 2017).  
 
Figure 4.8: Linear concentration dependence of Rdots with sub-nM SRS detection 
sensitivity. Red dashed line in the insert indicates shot-noise-limited SRS detection limit 
where SNR=1. Error bars, mean ± s.d.; n = 3 measurements. The solid line shows a linear 
fitting (R2 = 0.999).  
4.3.3 Validation of single-particles sensitivity of Rdots 
At this sub-nanomolar detection limit level, single particle sensitivity might also be 
possible, as the average number of particles within the laser focal volume is less than 1. Indeed I 
observed Raman signals from diffraction limited spots whose intensities were consistent with our 
theoretical estimation from a single particle (Figure 4.9 a). Raman spectra were also acquired 
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from these ‘single particles’ with SRS (Figure 4.10). However, unlike single molecule 
fluorescence whose stoichiometry can be determined by observing the abrupt photobleaching 
steps from individual fluorophores, it was difficult to confirm the signal from diffraction limited 
spots in the SRS image was indeed from single particles or from aggregation of a few single 
particles directly.  
Therefore, I took many images and recorded a large number of potentially single particle 
events and analyzed their SRS intensity distribution. If single particles could be indeed observed, 
it was expected to see a quantized intensity distribution of representing single-particle, double-
particle, triple-particle and so on. Since the colloidal stability is primarily maintained by the 
negatively charged carboxyl groups on the surface of Rdots, I first quantified the intensity 
distribution at a more basic condition (pH = 8.5) so that particles aggregates were less likely to 
form due to the electrostatic repulsion from the deprotonated carboxyl groups.  
Two evident peaks were observed in the intensity distribution (Figure 4.9 b), and the 
majority of the potential single particle event resided in the less intense peak. Consistent to our 
hypothesis, the particles corresponding to second peak had double the SRS intensities as the first 
peak, suggesting these were double-particle aggregates. No additional distribution peak beyond 
was observed at this condition, indicating that most Rdots dispersed as single-particles; a small 
portion as double-particles; and none as triple-particles and so on at the basic pH condition.  
I then acquired similar intensity distribution at a more acidic condition (pH = 6.0). Some 
of the surface carboxyl groups were to be protonated at this pH, resulting less electrostatic 
repulsion and Rdots should be more likely to form aggregates. Consistent with the hypothesis, 
more double-particles were formed and some Rdots even formed triple-particles aggregates 
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(Figure 4.9 c). Similar to Figure 4.9 b, the intensity distribution was well quantized, with the 
triple-particles being three times more intense single-particles.  
 
Figure 4.9: Single-particle sensitivity of Rdots. (a), a representative image of potential 
single-particle spots. Scale bar: 1µm. (b), SRS intensity distribution of individual spots at pH 
8.5. Red dash lines indicate fitted peak positions. The quantized distribution suggests spots 
corresponding to single-particles and double-particle aggregates. (c), SRS intensity 
distribution of individual spots at pH 6.0. Red dash lines indicate fitted peak positions. The 
quantized distribution suggests spots corresponding to single-particles, double-particle 





Figure 4.10: SRS spectra sweeping of potential single-nanoparticles. 
 
Figure 4.11 e shows an image where single-particle (spot 1), double-particle aggregates 
(spot 2), triple-particle aggregates (spot 3), and quadruple-particle aggregates (spot 4) appeared 
in the same field of view. Line profiles shown in Figure 4.11 f across these particles and particle 
aggregates quantitatively indicate that spots 2~4 have signal intensities that are integer multiples 
of the single-particle spot 1. These results combined strongly suggest that SRS enables single 




Figure 4.11: A representative image of single-particles and multi-particle aggregates of 
various degrees. (a), a representative image of spots from single-particles and multi-particle 
aggregates. 1: single-particle; 2: double-particle; 3: triple-particle; 4: quadruple-particle. Scale 
bar: 1µm. (b), line profiles across spots in (a). Quantized signal intensity was evidently 
observed.  
4.3.4 Comparison between Rdots and SERS nanoparticles 
SERS nanoparticles have been a very important tool in analytical chemistry and have 
been used widely for in vitro and in vivo detection and analyzing a variety of biomolecules 
(Jamieson et al., 2017). In the recent years, due to the high sensitivity and narrow bandwidth, 
multiplexed sensing with SERS nanoparticles is gaining the momentum. However, SERS 
substrate enhancement factor (SEF) highly depends on the size of the nanoparticle, and a small 
size is necessary for the nanoparticles to transport into biological samples. For 20nm SERS gold 
nanospheres, the typical SEF is ~100 (Hong and Li, 2013; Joseph et al., 2011). Assuming there 
are ~100 Raman probes used in this article (e.g. Carbow 2-yne) on the SERS nanoparticle 
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surface, the overall SERS enhancement factor will be ~104. On the other hand, given ~2.7 × 103 
Carbow 2-yne were incorporated in Rdots2220, the enhancement factor of the same probe for 
Rdots is comparable of that of SERS nanoparticles. Considering that Rdots are compatible with 
SRS while SERS is usually detected with spontaneous Raman spectroscopy, imaging with Rdots 
is at least 1000 times faster than with SERS using the same Raman probe (Cheng and Xie, 2015). 
Alternatively, instead of using non-fluorescent Raman probes, it is a common practice for SERS 
to take advantage of the resonance effect to further enhance the signal. Provided that the typical 
resonant Raman cross section of ~10-24 cm2 (Silva et al., 2014), and total SERS enhancement 
factor ~104, the overall cross section of a single 20 nm SERS nanoparticle is on the order of ~10-
20 cm2, still 4 order of magnitude away from a typically required cross section of 10-16 cm2 for 
single molecule/particle detection. Such extreme low cross section makes it difficult to detect, 
which explains the lack of evidence of single particle sensitivity with 20 nm SERS nanoparticles. 
As a comparison, the SRS cross section of Rdots2220 is ~4.9 × 10-16 cm2 (Figure 4.7 and Table 
4.2), a value close to the required cross section for single particle detection, and consequently, I 
did observe possible single particle sensitivity with good quality (Figure 4.11).  
Additionally, SERS enhancement highly depends on ‘hotspots’ created at the junctions 
between particles in a non-linear manner. Therefore, it is possible that when used in target-
specific detection such as immunostaining, the signal intensity will not be quantitative due to 
high labeling density. In contrast, the intensity of Rdots only depends on the Raman probes 
incorporated and the number of it, and the signal intensity follows linear dependence on 
concentration. As a result, the staining pattern is uniform and quantitative (will be discussed in 
section 4.4). In this sense, while SERS nanoparticles have the superb sensitivity and rich 
structural information, and therefore suitable for bio-sensing and structure analysis, Rdots have 
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the advantage of linear concentration dependence, high speed of imaging acquisition and ease of 
biofunctionalization, which is optimal for bio-imaging (Table 4.3). 
Table 4.3: Comparison of Rdots and SERS nanoparticles. 
   Rdots SERS** 
Material Organic polymers Inorganic (gold/silver) 
Enhancement principle Dense packing of probes 
(volume) 
Electromagnetic and chemical 
enhancement (surface) 
Size (nm) 20 ~ 50 
Bandwidth (nm) < 2 (no spectral broadening) < 2 (some spectral broadening) 
Sensitivity single particle (sub-nM) single molecule to single particle 
Imaging resolution ~ 300nm 200nm to several microns 
Imaging speed 30~100 µs/pixel ~1 s/pixel 
Light source Pulsed laser CW laser 
Bioconjugation Easy (native abundant active 
sites on polymer surface) 
Moderate (inorganic surface that 
requires modification) 
photostability No photobleaching No photobleaching but photoinduced 
damages at high excitation power 
   
Preparation difficulty Easy Moderate 
Probes requirement Hydrophobic Contains functional groups such as 
thiol 
Intensity dependence* Concentration Concentration/substrate/surface 
morphology 
Biological system studied Imaging of membrane protein, 
cytoskeleton in cells and tissue 
In vivo and in vitro sensing 
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*  The intensity of nanoparticles also depends on the excitation power used and the detection 
efficiency.  
**: (Sackmann and Materny, 2006; Wang et al., 2013; Weatherston et al., 2016; Zhao et al., 2014) 
 
4.3.5 Protocols for quantification 
4.3.5.1 Estimation of the number of Raman probe molecule per nanoparticle 
The number of Raman probe molecule per nanoparticle was estimated with two 
independent methods. 
1)  The number of Raman probe molecules can be estimated by dividing the RIE value 
of Rdots by the RIE value of the Raman probe. For example, RIE(Rdots2220) = 8.1×104, and 
RIE(Carbow 2-yne) = 30, so the number of 2-yne per Rdots2220 is 8.0×104 / 30 = 2.7×103. 
2)  The number of Raman probe molecules can also be estimated by using Raman 
intensity ratio of the Raman probe and polystyrene nanoparticle matrix. This assumes that the 
density of the polystyrene plate is the same as polystyrene nanoparticles, which is reasonable 
(1.055g/cm3 of PS NPs provided by the manufacture’s document, and 1.05g/cm3 of general-
purpose polystyrene). We first acquired the Raman spectrum of 100 mM 2-yne DMSO solution 
(Figure 4.12 a) and of a thick polystyrene plate (Figure 4.12 b) quantitatively by making sure the 
laser illumination volume was completely filled and the signal intensity did not change while 
adjusting z-position. Then the Raman signal ratio (R) of 1 mol 2-yne and 1 mol polystyrene (of 
the C≡C vibration in 2-yne at 2220 cm-1 and C–H vibration in styrene at 3055 cm-1, 
respectively). can be calculated by dividing the two integrated areas of the two peaks. The 
calculation yields R ≈ 1.1×102, which means that Raman signal of 1 mol 2-yne is 1.1×102 times 
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larger than 1 mol styrene monomer in the polymer (of the C≡C vibration in 2-yne at 2220 cm-1 
and C–H vibration in styrene at 3055 cm-1, respectively). 
The spectrum of Rdots2220 was then acquired quantitatively (Figure 4.12 c). Similar, the 
ratio of the two peaks (R2220/3055) inside the Rdots is calculated: R2220/3055 ≈ 12. Then the number 
of styrene monomer in the 20nm nanoparticle can be estimated by: 
𝑁&'()*+* =
𝑁, × 𝑉 × 𝜌
𝑚  
, where  is the Avogadro constant,  is the volume of a 20nm diameter nanoparticle,  is the 
density of polystyrene nanoparticles, and  is the molecular mass of styrene. The calculation 




Putting in the number acquired previously,  ≈ 2.7×103 
The numbers of Raman probe molecules within a single Rdots found by the two 




Figure 4.12: Spontaneous Raman spectra of Carbow 2-yne stock solution, polystyrene 
plate and Rdots2220. The molarity of the styrene monomers in polystyrene was converted 
from the density of polystyrene (1.05 g/cm3) and molecular mass of styrene (104 g/mol). 
4.3.5.2 Estimation of SRS cross sections 
The SRS cross section estimation of all the Raman probes mentioned in the article was 
based on the SRS cross section of EdU and the RIE values of the probes.  
It has been previously reported (Wei and Min, 2018) that the SRS cross section of C–O 
vibration (σSRS,(C–O)) at 1030 cm–1 in methanol is 1.2×10–22 cm2. We then took spontaneous 
Raman spectra of both pure methanol and EdU with 532nm excitation wavelength. The ratio of 
the integrated peak area of  C≡C vibration in EdU and C–O vibration in methanol was found to 
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be 5.0×101, and therefore the SRS cross section of C≡C vibration σSRS,EdU(C≡C) = 1.2 × 10–22 
cm2 × 5.0 × 101 = 6.0 × 10–21 cm2. The SRS cross section of C≡C vibration and the C≡N 
vibration can be roughly estimated by σSRS= σSRS,EdU(C≡C) × RIE. For example, σSRS,2-yne(C≡C) = 
σSRS,EdU(C≡C) × RIE2-yne = 6.0 × 10–21 cm2 × 8.1 × 104 ≈ 4.9 × 10-16 cm2. The RIE values and 
the SRS cross section of Raman probes used in the study can be found in Table 4.2. 
 
Figure 4.13: Normalized spontaneous Raman spectra of pure methanol (~24.4M) and 
EdU (20mM). The SRS cross section of EdU was extrapolated based on the intensity 
difference and the reported SRS cross section of C–O vibration at 1030 cm–1 in methanol. 
4.3.6 Protocols for Rdots single-particle SRS imaging 
Although Rdots are the brightest materials for Raman imaging, they generally require 
high laser power and relatively long time-constant in order to take images of single-particles with 
good signal-to-noise ratio. It is therefore critical that these 20 nm particles must be immobilized 
so that the images will not be blurred due to their rapid Brownian motions.  
Several methods had been tried, including coating the glass surface with positively 
charged poly-D-lysine to attract the negatively charged Rdots. This method, however, was not 
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effective and didn’t immobile Rdots on the surface reliably. Another method tried was to 
disperse Rdots into a viscous liquid such as glycerol at high concentration (>80%). This method, 
however, suffered from Rdots sample burning due to the strong absorption of laser energy and 
slow heat dissipation in glycerol. It actually makes sense because glycerol is commonly used as 
the media for photothermal imaging for its slow heat dissipation. 
The method that worked effectively was to embed the Rdots in agarose gel at high 
density (6% or higher). The solidified gel trapped nanoparticles in its porous micro-structures 
and the pH could be easily modified by changing the buffer used for dissolving the agarose 
powder.  
Another critical consideration to achieve single particle dispersion is the concentration of 
Rdots. Due to the difficulty of thoroughly mixing Rdots and the viscous agarose gel, it is then 
important that the nanoparticle dispersion is sufficiently diluted in the very beginning, so that 
even if the mixture with the gel is not complete, the local concentration of the nanoparticle is not 
too high to resolve single particles. 
The following protocol describes the methods used to immobilize the Rdots in agarose 
gel. 
1) Rdots were first diluted in 25mM MES buffer pH6.0 or 25mM borate buffer pH8.2 to the 
final concentration around 2nM. 
2) 6% agarose gel was made by dissolving the right amount of agarose powder (A4018, 
Sigma) in the same buffer used for diluting Rdots. The mixture was allowed to gel at 95 
°C on a heat block. 
3) On a pre-heated coverslip, 10 µl agarose gel and 1 µl diluted Rdots were quickly added, 
and were briefly mixed by pipetting a few times. 
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4) A slide was immediately pressed on top to flatten the gel and a sandwiched sample was 
made ready for imaging. 
4.4 Applications of Rdots in biological imaging 
4.4.1 Biofunctionalization of Rdots and non-specific binding 
Have demonstrated the superb properties of Rdots, I then aimed to biofunctionalize the 
Rdots for biological imaging. I made use of the abundant carboxyl groups on the Rdots surface 
and firstly conjugated amine-PEG8-alcohol and amine-PEG16-acid with EDC/NHS coupling 
chemistry. This combination of PEGs reduced the surface charge without affecting the colloidal 
stability, and helped to improve non-specific binding (Kairdolf et al., 2008; Kairdolf et al., 2016; 
Smith et al., 2006). I then conjugated the secondary antibodies or protein A to the carboxyl 
groups of the PEG chain the with the same coupling chemistry. DLS analysis showed that the 
PEG coating had only minor effects on overall Rdots size (Figure 4.14, the diameter of Rdots 
after PEG modification was ~23 nm). The relatively small size is comparable to that of quantum 
dots (10~20 nm), and smaller than most of the commonly used SERS nanoparticles (>40 nm) as 
well as recently reported Raman active polymers (50~100 nm), making Rdots suitable for 
staining subcellular structures (Jin et al., 2018). 
 
Figure 4.14: Hydrodynamic diameter of biofunctionalized Rdots. The PEG coating did 
not change the size significantly, and after IgG conjugation, the overall size was 37 nm. 
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4.4.2 Rdots enable immunostaining in cells and tissue 
Owing to the high sensitivity and the compact size of Rdots, I demonstrated the 
cytoskeleton immunostaining in cultured mammalian cells and in mouse frozen tissue sections 
with Rdots using SRS microscopy. 
I first examined the non-specific binding of Rdots. Secondary antibody conjugated 
Rdots2220 were incubated with cells without the use of any primary antibody. Only a negligible 
level of non-specific binding was observed (Figure 4.15). Raman peak at 2940 cm-1 from C-H 
vibrations in proteins and lipids was used to locate the cells (Figure 4.15 a). 
 
Figure 4.15: Immunostaining with Rdots shows minimal non-specific binding in cells. 
(a), SRS image at 2940 cm-1 of C-H stretching indicates the existence of a cell. (b), SRS image 
of secondary antibody conjugated Rdots without primary antibody. No non-specific binding 
was observed. Scale bar: 20 µm. 
I then visualized α-tubulin distribution patterns in Cos-7 cells using the α-tubulin primary 
antibody and secondary antibody conjugated Rdots2220 (Figure 4.16). The image clearly shows 
fine structures of microtubule filament networks similar to those observed with other widely 
used fluorescence imaging methods (Figure 4.16 a). The image also exhibits high signal to noise 
ratio because of the ultrahigh brightness of Rdots. Tuning the pump laser wavelength by only 3 
nm shows negligible background signal in the off-resonance channel (Figure 4.16 b). Such high 




Figure 4.16: Immunostaining and imaging of α-tubulin in fixed Cos-7 cells with 
Rdots2220. (a), the SRS image shows filamentary structure of microtubules. (b), the off-
resonance image at 3 nm away shows negligible background. Scale bar: 20 µm. 
Having demonstrated the feasibility of immunostaining with Rdots, I then validated the 
staining pattern with correlated fluorescence and SRS microscopy in two different protein 
targets. Cos-7 cells were first incubated with primary antibodies, and then stained by Rdots and 
fluorescent secondary antibodies sequentially. The resulting correlative images of α-tubulin 
staining (Figure 4.17 a-c and g-i for magnified view) and of vimentin staining (Figure 4.17 d-f 
and j-l for magnified view) show identical staining pattern between fluorescence images and 
SRS images from Rdots. Colocalization analysis indicates a good correlation between the 
fluorescence channel and SRS channel with Pearson’s r greater than 0.8 for both microtubule and 
vimentin staining (Figure 4.17 m and o). Line profiles were also plotted across individual α-
tubulin filaments (Figure 4.17 n) and vimentin filament (Figure 4.17 p) for both fluorescence 
channel and SRS channel.  The two channels show very similar profiles, indicating 





Figure 4.17: Immunostaining and imaging with correlative fluorescence and SRS 
microscopy. (a-c), correlative fluorescence and SRS immunostaining and imaging of α-
tubulin in fixed Cos-7 cells with Rdots2220. Scale bar: 20µm. (a), fluorescence channel, (b), 
SRS channel, and (c), composite view of the two channels. (d-f), correlative fluorescence and 
SRS immunostaining and imaging of vimentin in fixed Cos-7 cells with Rdots2177. Scale bar: 
20µm. (d), fluorescence channel, (e), SRS channel, and (f), composite view of the two 
channels. (g-i), magnified view of (a-c). (j-l), magnified view of (d-f). (m), colocalization 
analysis indicated good correlation between immunofluorescence and Rdots staining for α-
tubulin (Pearson’s r = 0.88). (n), line profiles of the fluorescence channel (blue) and SRS 
channel (red) of microtubule filament shown in (i). (o), colocalization analysis indicated good 
correlation between immunofluorescence and Rdots staining for vimentin (Pearson’s r = 
0.82). (p), line profiles of the fluorescence channel (blue) and SRS channel (red) of 
intermediate filament shown in (l).  
I then explored immunostaining with Rdots for tissue samples. Epithelial cadherin (e-
cadherin), which is a type of cell membrane-associated glycoproteins that mediate specific cell-
cell adhesion, is exclusively expressed in epithelial cells (van Roy and Berx, 2008). Because of 
its unique spatial expression pattern, I used it as the target to demonstrate the sensitivity and 
specificity of Rdots immunostaining in tissue samples. In this study I used mouse colon frozen 
sections for their accessibility and popularity in clinical immunohistochemistry. Similar to the 
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cell cytoskeleton staining, I obtained images acquired with conventional immunofluorescence 
and Rdots respectively (Figure 4.18 a-c). The immunofluorescence image (Figure 4.18 a) shows 
e-cadherin staining pattern only in epithelial cells that are close to the lumen, but not in the 
connective tissue (submucosa) or the muscle layer (muscularis externa) surrounding the tissue 
slice, consistent with its histology. The SRS image of a different slice stained with Rdots2220 
shows similar staining pattern (Figure 4.18 b). Neither submucosa nor muscularis externa was 
stained positive for e-cadherin. Additionally, a magnified view of the Rdots stained sample 
(Figure 4.18 c) shows that only the cell membrane of those epithelial cells was stained, which is 
consistent with the expected subcellular distribution of e-cadherin. These results indicate the 
superb specificity of Rdots staining in tissue samples.  
 
Figure 4.18: Immunostaining and imaging of tissue samples with fluorescence and 
SRS microscopy. (a), immunofluorescence imaging of e-cadherin in the mouse frozen tissue 
section. (b), immunostaining and imaging of e-cadherin with Rdots2220 in the mouse frozen 
tissue section. (b), magnified view of (b), the signals were only observed on the epithelial cell 
membrane. Scale bar: 400 µm. 
It was well known that the resulting signal intensity could be amplified for 3-5 times by 
using secondary antibodies. However, most primary antibodies were produced in only few 
choices of host animals, thus limiting the multiplicity if secondary antibodies must be used. For 
the reason, I also acquired immunostaining on the gold standard microtubule with primary 
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antibodies functionalized Rdots (Figure 4.19 a). The resulting imaging patterns are similar to that 
using secondary antibodies functionalized Rdots, confirming that Rdots are sensitive enough for 
immunostaining with only primary antibodies. This was very difficult with MARS or Carbow 
probes. To further demonstrate sensitive imaging towards low abundant protein targets, we also 
stained and imaged CD44, a membrane marker, using Rdots2220 directly bioconjugated to anti-
CD44 primary antibody. We observed strong membrane distributed Raman signal (Figure 4.19 
b), suggesting that Rdots were sensitive enough to visualize even low abundant membrane 
proteins. In contrast, the signal from the brightest MARS probe was much weaker for the same 
target (Figure 4.19 c).  
 
Figure 4.19: Immunostaining with Rdots using only primary antibodies. (a), 
microtubule staining with Rdots using only primary anti-a-tubulin antibodies. 
Staphylococcus protein A (SpA) was bioconjugated to Rdots2134, and anti-a-tubulin 
antibodies was immobilized by the SpA for immunostaining. Each individual of 
microtubule filaments is clearly visualized, suggesting high sensitivity even without the 
additional signal amplification of secondary antibodies.  Scale bar, 20µm. (b), Low abundant 
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membrane protein (CD44) staining with Rdots using only primary antibodies. Anti-CD44 
primary antibodies were directly bioconjugated to Rdots2220 and used for visualizing CD44 
in fixed SKBR3 cells. The membrane-distributed signal suggests superb sensitivity even for 
relatively low abundance membrane proteins, which is not possible by Carbow dyes alone. 
Scale bar, 20 µm. (c), CD44 immunostaining with MARS2176. CD44 proteins were first 
stained with primary antibody and then stained with MARS2176 conjugated secondary 
antibody. The lack of signal indicates that MARS dyes might not be sensitive enough to 
visualize low abundant surface markers. The C-H channel indicates the existence of the cells. 
Scale bar, 20 µm. 
4.4.3 Multiplexed cytoskeleton imaging with Rdots 
After validating the staining pattern individually, I then used Rdots to demonstrate 
multiplexed imaging of microtubule, intermediate filaments and microfilaments. Cos-7 cells 
were first incubated with mouse-anti-a-tubulin and rabbit-anti-vimentin antibodies, followed by 
incubation with goat-anti-mouse conjugated Rdots2177, goat-anti-rabbit conjugated Rdots2220 
and alexa647 labeled phalloidin. We chose these Rdots for their close Raman frequencies to 
demonstrate the fine spectral resolvability of our technique.  
As expected, the imaging results clearly showed spatial distribution of the three main 
kinds of cytoskeletal filaments with distinctive characteristics (Figure 4.20 a-d; e-h for 
magnified view). Minimal cross-talk was observed in all channels. The similar level of SNR was 
found in this three-color image compared to results where the cytoskeletal filaments were stained 




Figure 4.20: Multiplexed imaging with Rdots and fluorescence. (a), a-tubulin 
immunostaining with Rdots2177. (b), vimentin immunostaining with Rdots2220. (c), actin 
staining with phalloidin-alexa647. (d), composite view of the three channels. (e-h), magnified 
view of (a-d) respectively. Scale bar: 20 µm. 
For our narrowband SRS imaging platform, we must acquire images at one Raman 
frequency at a time and then scan the next one. Therefore, it was necessary for the staining 
materials to be photostable enough during the extended multiplexed imaging procedure. We 
tested the photobleaching characteristics of Rdots, and found they were stable for at least 20 
frames of continuous scanning (Fig. S5). Only less than 10% signal loss was found at the end of 





Figure 4.21: Rdots are photo-stable. HeLa cells were first stained with Rdots 2220, and 
20 SRS images were taken continuously using the same acquisition parameters as in the 
other images (left to right, top to bottom). No significant photobleaching was observed even 
for the last frame, indicating Rdots are photo-stable. This attribute facilitates multiplexed 
imaging as the last imaged target can still maintain its full intensity. 
Lastly, we acquired four-color imaging of microtubule stained by Rdots2177 (Figure 4.22 
a), intermediate filaments stained by Rdots2220 (Figure 4.22 b), microfilaments stained by 
alexa647 labeled phalloidin (Figure 4.22 c) and nucleus stained by NucGreen (Figure 4.22 d). 
The Rdots channels did not interfere with the additional nuclear staining by fluorescent dyes, 
indicating good compatibility of Rdots based Raman imaging with other fluorescence dyes based 




Figure 4.22: Four-color imaging with Rdots and fluorescence. (a), a-tubulin 
immunostaining with Rdots2177. (b), vimentin immunostaining with Rdots2220. (c), actin 
staining with phalloidin-alexa647. (d), DNA staining with NucGreen. (e), composite view of 
the four channels. Scale bar: 20 µm. 
4.4.4 Protocols for immunostaining with Rdots 
4.4.4.1 Protocols for Rdots biofunctionalization 
The following protocol describes a general method to functionalize Rdots with PEG 
polymers. 
1) 50 µl 4% Rdots were diluted to 450 µl 25 mM MES pH6.0 buffer.  
2) Then to the diluted Rdots, freshly made 5 µl 1M EDC (Thermo Scientific, 22980) and 25 
µl 1 M sulfo-NHS (Sigma, 56485) in MES buffer were slowly added, quickly mixed by 
vortexing and kept gentle agitation with a rotary wheel for 30min at room temperature.  
3) Next, excessive EDC/NHS was removed by washing two times with Amicon 30kDa 
MWCO filters (Millipore, UFC5030) in 10 mM MES pH6.0 buffer, and the total volume 
was reduced to ~50 µl.  
4) 25mM amino-PEG8-OH (Broadpharm, BP-21502) and 2.5 mM amino-PEG16-COOH 
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(Broadpharm, BP-21880) solution mixture were freshly made in 500 µl 50mM borate 
buffer. 
5) The PEG mixture was then mixed with the EDC/NHS activated Rdots and PEG mixture, 
followed by gentle agitation with a rotary wheel for 3 hours at room temperature.  
6) After that, ethanolamine (Sigma, E0135) was added to a final concentration of 30mM and 
incubated for 30 minutes at room temperature to quench the reaction.  
7) Finally, the functionalized Rdots were washed at least 5 times with Amicon 30kDa 
MWCO filters (Millipore, UFC5030) to remove excessive reactants with 10 mM borate 
buffer or PBS buffer. * 
*: If longer PEG chain was used, more washes would be needed in order to completely 
remove the excessive. 
 
The following protocol describes a general method to bioconjugate Rdots with IgG, 
protein A (SpA) or other amine-bearing biomolecules. 
1) 50 µl 2% PEG-functionalized Rdots were diluted to 450 µl 25 mM MES pH6.0 buffer.  
2) Then to the diluted Rdots, freshly made 5 µl 1 M EDC and 25 µl 1 M sulfo-NHS in MES 
buffer were slowly added, quickly mixed by vortexing and kept gentle agitation with a 
rotary wheel for 30min at room temperature.  
3) Next, excessive EDC/NHS was removed by washing two times with Amicon 30kDa 
MWCO filters (Millipore, UFC5030) in 10mM MES pH6.0 buffer, and the total volume 
was reduced to ~50 µl.  
4) IgG was dilute to 50mM borate buffer so that the final concentration was 1~2mg/ml and 
the total volume was 500 µl.  
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5) The EDC/NHS activated Rdots were then mixed with IgG, and kept gentle agitation with 
a rotary wheel for 3 hours at room temperature.  
6) After that, ethanolamine was added to a final concentration of 30mM and incubated for 
30min at room temperature to quench the reaction.  
7) The bioconjugated Rdots were purified with Sephacryl 300-HR (GE, S300HR) size 
exclusion chromatography column and PBST (0.05% tween-20) as the elution buffer.  
8) The total volume was lastly reduced to the desired concentration with Amicon 30kDa 
MWCO filters (Millipore, UFC9030). Several times of wash could be optionally carried 
with the desired buffer to remove tween-20. 
4.4.4.2 Purification with home-built size exclusion chromatography apparatus 
In order to remove the excessive biomolecules from the conjugated Rdots, a purification 
step is crucial. For typical 20 nm polystyrene nanoparticles, the molecular weight can be 
calculated to be ~7300 kDa using the manufacturer’s specifications (C37231, Invitrogen), so 
they can be routinely separated from common biomolecules such as IgG (~150 kDa) by size 
exclusion chromatography (SEC). 
This section describes the design and construct of a generic SEC apparatus, including 
liquid handling system, UV absorbance measurement and monitoring system, data recording 
system and electric controls. The overall cost is less than $500, which makes it very economic. 
Figure 4.23 shows the schematics of the apparatus. Elution buffer was pumped to the 
system by a syringe pump that controlled the flow rate. A switchable 3-way valve was connected 
to the pump on one port and to the column on the other, leaving an empty port for sample 
injection. Another switchable 3-way valve was use to connect the exit of the column to the UV 
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absorbance measurement cuvette, and to a redundant line to dump the waste that might be 
harmful to the quartz UV cuvette such as alkalis. 
 
Figure 4.23: Schematics of the home-built chromatography system. All materials could 
be easily found. The UV detector was built with UV LED light source and UV sensitive 
photodiode that were proven to be durable. Electronics were built on an Arduino micro-
controller.  
For the UV detector, a quartz flow-through cuvette was used (1787128510-40, Hellma 
Analytics). The cuvette had a relatively long optical path length of 1 cm, which made it possible 
for weak absorbance detection. An UV LED bulb (1125-1274-ND, Marktech Optoelectronics) 
emitting at 280±10 nm with narrow radiation angle was used as the light source and an UV 
sensitive photodiode (TOCON-ABC4, Boston Electronics; this specific model had the 
convenience of the built-in amplification circuits) was used for detection. Then the LED, cuvette 
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and photodiode were installed and aligned on a 3D printed mount. The schematic view of the 
assembly is shown in Figure 4.24 
 
Figure 4.24: Schematic drawing of the detector cell. A quartz flow-through cuvette was 
mounted on a 3D printed mount. The cuvette was sandwiched by UV LED and UV sensitive 
photodiode. (1), flow-through cuvette; (2) UV LED (280 nm); (3), UV sensitive photodiode; (4), 
3D printed mount. 
To show the SEC graph in real-time as well as to record data for later analysis, the 
electronics were built on an open source Arduino platform. The Arduino microcontroller 
(Arduino MEGA 2560), a 3.2 inch 240x320 TFT LCD display (with ILI9341 display controller 
and SD card cage), a compatible shield board for the display, and a real-time clock module 
(DS3231) were properly connected as shown in Figure 4.25. The RTC module was crucial as it 
turned out that internal clock of the Arduino was far from accurate in the duration of hours. 
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Codes that ran the electronics can be found in the appendix A and on GitHub 
(https://github.com/severalzzls/SEC-UV-detector.git).  
 
Figure 4.25: Schematics of the electronics. The UV LED was powered by a 9V battery, 
and Arduino board was power by a 12V power jacket. The LCD was connected to the 
Arduino board via a compatible LCD shield (not shown) by plugging in the shield to the 
Arduino board directly. (1), 280 nm LED; (2), UV sensitive photodiode with built-in 
amplification circuits; (3) real-time clock module; (4), SD card slot; (5), Arduino MEGA 
board; (6), 3.2 inch 240x320 TFT LCD display. 
To pack the column, instructions from the manufacture were followed. Several different 
SEC media were tested, and Sephacryl S-300 HR in combination with PBST (PBS + 0.05% 
Tween-20) as the elution buffer was found to work the best in terms of maximal separation and 
minimal sample lost. It was likely due to the amine groups of the Sephacryl polymer which 
attract the negatively charged nanoparticles that surfactant must be used to effectively elute the 
nanoparticles. It was also worth noting that the flow control adapter (420415-1000, DWK Life 
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Sciences) that could compress the gel bed when no pressure was applied should be used for best 
separation. Figure 4.26 shows the final assembly of the apparatus. 
 
Figure 4.26. Assembly of the home-built SEC apparatus. (a), overall view of the 
apparatus. (1), flow control adapter; (2), SEC column; (3), injection loop; (4), UV detector; (5), 
electronics; (6), syringe pump. (b), constructs of the electronics. (1), RTC module; (2), Arduino 
board; (3), LCD shield; (4), LCD with a SD card cage. (c), constructs of the UV detector. (1), 
flow-through cuvette; (2), 3D printed mount; (3), 280 nm LED; (4), UV sensitive photodiode; 
(5), adjusting screw for positioning the cuvette, another one on the opposing side. 
Standard samples were used to calibrate the performance of the column. The mixture of 
0.8% 20 nm polystyrene nanoparticles and 2.5mg/ml alcohol dehydrogenase (~150 kDa, A8656, 
Sigma) was used to test if the column could separate the two components (Figure 4.27). The 
results indicated good separation between the nanoparticles and the alcohol dehydrogenase 
which had similar molar mass as commonly used biomolecules such as IgG, demonstrating the 




Figure 4.27. Performance test of home-built chromatography system. The SEC 
chromatogram shows that the system successfully separated nanoparticles and ~150 kDa 
proteins and can be used to purify conjugated nanoparticles. 
4.4.4.3 Protocols for immunostaining with Rdots 
Cos-7 and HeLa cells were purchased from ATCC. Cells were cultured in DMEM 
medium (Invitrogen, 11965) supplemented with 10% FBS (Invitrogen, 16000) and 1% 
penicillin–streptomycin (Invitrogen, 15140). All cell cultures were maintained in a humidified 
environment at 37 °C and 5% CO2. Mouse colon frozen tissue sections were purchased from 
Zyagen Labs (Zyagen Labs, MF-311) and stored desiccated in -80°C as instructed by the 
manufacture. 
Immunostaining with cells.  
1) Before staining, cells were seeded on 12mm No.1 round coverslips (Thermo Scientific, 
12-545-80P) and allowed to settle overnight to reach 50% confluence.  
2) Cells were washed twice with PBS (Gibco, 14200075) and then extracted with pre-
warmed extraction buffer containing 0.1 M PIPES (Sigma, P1851), 1 mM EGTA (Sigma, 
E3889), and 1 mM MgCl2 (Sigma, M4880) for 30s at room temperature.  
3) Immediately after the pre-extraction cell were fixed with freshly diluted 4% PFA 
(Electron Microscopy Sciences, 15713) and 0.1% GA (Sigma, G7776) in PBS for 15min.  
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4) Cells were subsequently washed with PBS for 3 times to remove fixatives.  
5) Next, cells were permeabilized with 0.5% Triton-X100 for 5min and then blocked with 
blocking buffer containing 5% BSA and 0.1% Triton-X100 for 0.5hrs at room 
temperature.  
6) Primary antibodies were diluted to the desired concentrations in staining buffer 
containing 2% BSA and 0.1% TritonX-100 and incubated with cells for 2hrs at room 
temperature or overnight at 4°C.  
7) After this, cells were washed with PBS three times, each for 5min, and then blocking 
buffer for 30min at room temperature to completely remove excessive antibodies.  
8) IgG-conjugated Rdots were then diluted in staining buffer to yield 30nM final 
concentration, and incubated with cells for 2hrs at room temperature or overnight at 4°C.  
9) Following the incubation, cells were washed with PBS 3 times, 5min each, and then 
blocked with blocking buffer for 15min at room temperature, followed by a wash with 
PBS before imaging. 
 Immunostaining with frozen tissue sections.  
1) The frozen tissue section slides were first dried at room temperature for 30min after taken 
out from -80°C freezer.  
2) Then they were fixed with freshly diluted 4% PFA for 15min. 
3) Slides were washed three times with PBS, each for 5min to remove the fixative and OCT.  
4) The slides were subsequently blocked with blocking buffer containing 5% BSA and 0.1% 
Triton-X100 for 0.5hrs at room temperature.  
5) Primary antibodies were firstly diluted to the desired concentrations in staining buffer 
containing 2% BSA and 0.1% TritonX-100 and then added to the slides to incubate for 
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2hrs at room temperature or overnight at 4°C in a humidified chamber.  
6) After this, slides were washed with PBS three times, each for 5min, and then blocking 
buffer for 30min at room temperature to completely remove excessive antibodies.  
7) IgG-conjugated Rdots were then diluted in staining buffer to yield 30nM final 
concentration, and incubated with the slides for 2hrs at room temperature or overnight at 
4°C.  
8) Following the incubation, tissue slides were washed with PBS 3 times, 5min each, and 
then blocked with blocking buffer for 15min at room temperature, followed by a wash 
with PBS before imaging. 
 
The antibodies and their concentrations can be found in Table 4.4. 
 
Table 4.4: Antibodies and their concentrations used in this study. 
Target Manufacturer Cat. # Staining conc. (ug/ml) Dilution 
a-tubulin Invitrogen 62204 2 1:100 
vimentin Cell Signaling Technology 5741 0.45 1:100 
CD44 Invitrogen 14044185 N/A N/A 
e-cadherin Cell Signaling Technology 3195 0.52 1:100 
 
4.5 Discussion 
In this chapter, I describe the development of a general method to generate a series of 
small nanoparticles (Rdots) with ultrahigh brightness and narrow Raman spectral peaks. I have 
demonstrated successful immunostaining in both cell and tissue samples. The fine structures of 
cytoskeleton filaments were visualized and verified with conventional IFM. Additionally, I also 
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demonstrated immunostaining with primary antibody alone for microtubule visualization as well 
as low abundant membrane proteins. These demonstrations all benefit from the high sensitivity 
of Rdots. To my knowledge, this method achieved the best imaging quality so far among all 
Raman-based nanoparticles.  
The swell-diffusion approach we used to generate Rdots exhibit several advantages. First, 
one can incorporate a large number of small molecules Raman dyes to the nanoparticles. This 
leads to the ultra-high brightness of Rdots with the largest scattering cross sections of all 
reported Raman polymer nanoparticles or even single particle sensitivity, as well as to relatively 
small size of Rdots, which facilitates their biocompatibility. Second, unlike SERS, the brightness 
of Rdots is only related to the number of incorporated Raman dyes, but not to the surface 
morphology, and therefore a homogenous distribution of Raman signal per particles can be easily 
achieved. This greatly facilitates quantitative imaging using Rdots. Third, the swell-diffusion 
approach can be used for a wide selection of small Raman probes to generate corresponding 
Rdots, which can accelerate the development of new probes that have unique Raman 
frequencies. It is also worth noting that although some small molecules have smaller Raman 
cross sections, the resulting Rdots have less brightness difference than that of the molecules by 
their own likely due to the greater number of small molecules incorporated into the nanoparticle. 
Last but not the least, the method to make Rdots is easy-to-follow and can be easily scaled up. It 
does not require covalently labeling nanoparticles with Raman active small molecules and 
therefore avoid the complications of engineering polymers of unique Raman features. Although 
small molecule Raman probes are trapped in Rdots through non-covalent interaction, the leakage 
and degradation of these probes are found minimal, and the resulting Rdots can maintain their 
full brightness for at least 5 months. 
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Artifacts have been frequently observed with other nanoparticle based methods. The most 
common ones are nanoparticles aggregates and non-specific binding (Jin et al., 2018). However, 
we did not observe significant aggregates or non-specific binding with Rdots. It might be 
because we used nanoparticles with abundant surface carboxyl groups to begin with, and the 
associated negative charges provide strong repulsive forces to prevent aggregates during the 
doping procedure. We then coated the Rdots with PEG, which reduces the negative charges and 
increases the hydrophilicity. Given that most non-specific binding happens due to the 
electrostatic interaction and hydrophobic interaction (Kairdolf et al., 2016), the PEG coating has 
been proved to reduce both interactions and thus alleviate non-specific binding. The increased 
surface hydrophilicity, in turn, reduces the likelihood for Rdots to form aggregates, which is 
mainly a result from hydrophobic interaction in aqueous solution. 
Another major challenge for the use of nanoparticles for imaging is their relatively large 
size compared to small organic dyes. Previous studies have found the diffusion barrier due to the 
large size of nanoparticles and condensed environment in biological samples limited the signal 
size (Howarth et al., 2008; Liu et al., 2018). But we did not observe significant difficulty to 
achieve satisfactory imaging results, especially in tissue samples. This could be firstly due to the 
fact that we were using relatively small nanoparticles (~20nm), which minimizes the diffusion 
barrier. Secondly for tissue samples, we used thin sectioned tissues that were ~8 μm thick. At 
this thickness, most of the cells in the sample were likely to be cut, exposing their subcellular 
targets for Rdots to bind (Xing et al., 2007). Nevertheless, it is always desirable to make even 
smaller nanoparticles, especially when doing so could potentially increase specific surface area 
to improve the affinity of nanoparticles.  
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While we demonstrated immunostaining with Rdots in this work, their applications can 
be much more general. Owing to the straightforward surface chemistry for biofunctionalization, 
a variety of molecules can be conjugated to Rdots. For example, amine modified DNA strands 
can be attached to perform in situ hybridization, and the large multiplex capacity could greatly 
facilitate applications such as in situ transcriptome studies. Rdots can also be coupled with other 
high-through Raman microscopy methods such as flow cytometry to achieve highly multiplexed 
profiling of specific surface markers in cells (Suzuki et al., 2019). Additionally, Rdots can be 
used with expansion microscopy as well to enable highly multiplexed super-resolution imaging 
(Wassie et al., 2019), since one can still achieve good enough SNR even after signal ‘dilution’ 
due to the expansion. In this sense, we anticipate that Rdots will prevail and become an impactful 
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// Codes for controlling and monitoring the home-built 
chromatography system 
// Version 4.1 










// Declare which fonts we will be using 
extern uint8_t SmallFont[]; 
extern uint8_t BigFont[]; 
extern uint8_t SevenSegNumFont[]; 
// Set the pins to the correct ones for your development shield 
// ------------------------------------------------------------ 
// Arduino Uno / 2009: 
// ------------------- 
// Standard Arduino Uno/2009 shield            : <display 
model>,A5,A4,A3,A2 
// DisplayModule Arduino Uno TFT shield        : <display 
model>,A5,A4,A3,A2 
// 
// Arduino Mega: 
// ------------------- 
// Standard Arduino Mega/Due shield            : <display 
model>,38,39,40,41 
// CTE TFT LCD/SD Shield for Arduino Mega      : <display 
model>,38,39,40,41 
// 








int counter = 0; 
int counterNum = 1; 
int masterCounter = 1; 





uint32_t timeBuf = 1; 








   
// Setup the LCD 
  myGLCD.InitLCD();   
   
  initializeScr(); 
  // Draw x label 
  myGLCD.setFont(SmallFont);   
  for (int i =40; i<=320; i+=40) { 
    myGLCD.printNumI(i/4,i-4,225); 
  } 
 
  myGLCD.setFont(SevenSegNumFont);   
   
  // initialize buffer arrays 
  for (int i = 0; i <= 319; i++) { 
    buf[i]=221; 
  }; 
 
  for (int i = 0; i <= 176; i++) { 
    buf2[i]=0; 
  }; 
   
  for (int i = 0; i <= 14; i++) { 
    readingBuf2[i]=221; 
  }; 
   
  rtc.begin(); 
  DateTime now = rtc.now(); 
  timeBuf = now.unixtime(); 
  iniTime = now.unixtime(); 
   
  if (SD.begin(53)) 
  { 
    myGLCD.setColor(251,251,251); 
    myGLCD.setBackColor(255,255,255); 
    myGLCD.setFont(SmallFont); 
    myGLCD.print("SD card initialized", 155, 155); 
    fileName = String(String(now.month()) + String(now.day()) + 
String(now.hour()) + String(now.minute()) + ".txt"); 
    if (SD.exists(fileName))  
    { 
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      myGLCD.print("File name exists!!", 155, 175); 
      myGLCD.print("File overwrote!!", 155, 190); 
    }  
    myFile = SD.open(fileName, FILE_WRITE);     
    myGLCD.print(fileName, 155, 175); 
    myFile.close(); 
     
     
  } else 
  { 
    myGLCD.setColor(251,251,251); 
    myGLCD.setBackColor(255,255,255); 
    myGLCD.setFont(SmallFont); 
    myGLCD.print("SD card init. failed", 155, 155); 
    return; 




{   
  x++; 
   
  if (x==177) 
    { 
      x=2;     
    } 
  if (x==1) 
    { 
      myGLCD.setColor(0,0,0); 
    } 
  else 
    { 
      myGLCD.setColor(255,255,255);           
      myGLCD.drawPixel(x+140,buf2[x-1]);// delete previous data 
point 
    }   
 
  for (int i=0; i<=9; i++) { 
    readingBuf[i] = analogRead(A0);   
  } 
  float b = average(readingBuf,10); 
  if (b>260.0) 
    { 
      b=260.0; 
    } 
  y = (float)(b/260)*56+3; 
   
  myGLCD.setColor(0,0,0); 
  myGLCD.setFont(SevenSegNumFont); 
  myGLCD.printNumI((int) b,4,6); 
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  myGLCD.setColor(255,0,0); 
  //float b=(sin(((c*1.1)*3.14)/180)); 
  //y=56*abs(b)+3; 
  myGLCD.drawPixel(x+140,y); 
  buf2[x-1]=y; 
 
  DateTime now = rtc.now(); 
   
 
  if (now.unixtime() - timeBuf >= 1) 
  { 
    myGLCD.setFont(SmallFont); 
    myGLCD.printNumI(now.unixtime()-iniTime,2,225); 
    for (int i=0; i<=9; i++) { 
      readingBuf[i] = analogRead(A0);         
    } 
     
    float d = average(readingBuf,10); 
    if (d>260) 
      { 
        d=260; 
      } 
    y1 = (float)(d/260)*150+71; 
    readingBuf2[counter] = y1; 
    timeBuf = now.unixtime(); 
    counter++; 
  } 
   
  if (counterNum == 320){ 
    initializeScr(); 
    // Draw x label 
    myGLCD.setFont(SmallFont);   
    for (int i =40; i<=320; i+=40) { 
      myGLCD.printNumI(i/4+40*masterCounter,i-4,225); 
    } 
    for (int i = 0; i < 160; i++) { 
      buf[i] = buf[i+159]; 
    } 
    for (int i = 0; i < 159; i++) { 
      myGLCD.setColor(255,0,0); 
      myGLCD.drawLine(i,buf[i],i+1,buf[i+1]); 
    } 
    masterCounter++; 
    counterNum = 160; 
  } 
 
   
  if (counter == 15){ 
    counter = 0;     
    buf[counterNum]=getMin(readingBuf2,15);     
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    myGLCD.drawLine(counterNum-1,buf[counterNum-
1],counterNum,buf[counterNum]);        
 
    // record data 
    myFile = SD.open(fileName, FILE_WRITE); 
    if (myFile) {     
      myFile.print(now.unixtime()-iniTime); 
      myFile.print(";");     
      myFile.println(260 - buf[counterNum]); 
      myFile.close(); // close the file 
    }     
    counterNum++; 
  } 
 
   
  //delay(10); 
} 
 
float average (int * array, int len)  // assuming array is int. 
{ 
  long sum = 0L ;  // sum will be larger than an item, long for 
safety. 
  for (int i = 0 ; i < len ; i++) 
    sum += array [i] ; 
  return  ((float) sum) / len ;  // average will be fractional, 
so float may be appropriate. 
} 
 
int getMin(int * array, int len) 
{ 
  int minNum = array[0]; 
  for (int i=0; i<len; i++) 
    if (array[i] < minNum) { 
      minNum = array[i]; 
    } 





  // Draw background 
  myGLCD.clrScr(); 
  myGLCD.setColor(255, 255, 255); 
  myGLCD.fillRect(0, 0, 319, 239); 
   
  // header 
  myGLCD.setColor(0,0,0); 
  myGLCD.drawRect(2,2,318,60); 
  
  // credit 
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  myGLCD.setColor(251,251,251); 
  myGLCD.setBackColor(255,255,255); 
  myGLCD.setFont(SmallFont); 
  myGLCD.print("@Zhilun G. Zhao 2020 Ver.4", 145, 205); 
   
  // Draw crosshairs 
  myGLCD.setColor(0, 0, 0); 
  myGLCD.setBackColor(255, 255, 255); 
  myGLCD.drawLine(0, 224, 319, 224);     
  for (int i=1; i<=320; i+=20) { 
    myGLCD.drawLine(i, 220, i, 224);     
  }; 
   
} 
